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Abstract 
 
Essential oil found in the leaves of Myrtaceous species, stored in specialised sub-epidermic 
secretory cavities, consists mostly of a large variety of terpenoid compounds. One such oil, 
Eucalyptus oil, is produced from a number of “oil mallee” species with high total foliar oil 
concentration, high proportion of the monoterpene 1,8-cineole and the ability to re-sprout with 
multiple stems from lignotubers after coppicing. The yield of foliar oil in such commercially 
harvested perennial species (e.g. eucalypts, Tea Trees and Hop) is dependent on complex 
quantitative traits such as foliar oil concentration, leafy biomass accumulation and adaptability. 
These often show large natural variation and some are highly heritable, which has enabled 
significant gains in oil yield via traditional phenotypic recurrent selection. However, molecular 
breeding techniques could increase gains per unit time by improving the accuracy of selection and 
reducing cycle time.  
In this thesis I explore the pathway to implementing genomic selection for essential oil traits in 
Eucalyptus polybractea (blue mallee). This begins with a general review of the challenges of breeding in 
perennial essential oil crops. I discuss the potential for applying genomic selection (GS) to improve 
oil yield, while noting the factors that affect GS accuracy and how they may manifest in open-
pollinated tree populations. Next, using non-destructive methods I assess traits relating to oil yield 
(quantitative and qualitative variation of foliar essential oils and biomass-related parameters) for 
their variability, heritability as well as phenotypic and genetic interactions in an open-pollinated 
progeny trial with 40 families and 480 individuals of E. polybractea. From raw phenotypes I develop 
a model that is able to predict future harvest oil yield performance at the family-level with a rank 
correlation of r = 0.74. This study shows that relying on oil concentration and 1,8-cineole 
proportion alone is not ideal for selection of top performing families for oil yield. Rather a mixture 
of biomass related traits, foliar oil concentration, 1,8-cineole proportion and leaf architecture 
contribute to family-level oil yield in varying ways. 
To implement genomic selection it is important to understand the genetic architecture of the trait 
under selection. To this end I use whole genome re-sequencing of 480 blue mallees to perform a 
GWAS of eleven oil yield traits. I find that allelic variants in the pathways involved in the 
biosynthesis of terpenes are not necessarily the major driver of foliar oil concentration when viewed 
at the genome-wide level rather than at candidate-gene level. I also reveal additional candidate genes 
that may be involved in precursor availability for terpene biosynthesis, terpene transport and the 
formation of oil secretory cavities. The GWAS widens our understanding of the genetic basis of 
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essential oil variation to the genomic scale, while also providing an informative set of priors for 
advanced genomic selection models that make use of such information.  
GS models face a problem of over-parameterization when fitting large numbers of SNPs obtained 
from whole genome sequencing since most SNPs are uninformative. Therefore I implement a 
modified G-BLUP model that weights specific SNPs according to the trait genetic architecture. I 
show that by using curated candidate gene information the accuracy of prediction for total oil 
concentration can be improved by 15-50% over standard G-BLUP. Finally, this philosophy of 
partitioning genomic data into parts to be modelled differently based on a-priori knowledge is well 
established in phylogenetics. I explore the effects of different approaches to partitioning in the 
context of phylogenetics, noting that poor partitioning can result in misleading outcomes. 
In general, this thesis broadens our understanding of the genetic basis of quantitative oil traits, and 
shows how that information can be used to more accurately predict genetic value in breeding 
populations. Specific terpenes are increasingly sought after for industrial purposes, such as 
advanced biofuels, so this knowledge may facilitate increased production of key terpenes through 
either plant-based systems or engineered pathways. 
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Introduction 
Background 
It is said that eucalyptus oil was the first export from the colonial settlements in Australia. From a 
small batch of oil distilled from Sydney peppermint gum sent to England by First Fleet Surgeon-
General John White (Pearson 1993), an industry grew around the use of the oil for medicinal and 
industrial purposes. However, through the 20th century, as eucalypt plantations expanded globally, 
Australia’s early dominance in eucalyptus oil production fell away. Today, Australia is just a minor 
producer of this niche product, and competes primarily on the higher quality of oil produced from 
dedicated mallee plantations (McMahon et al. Nov 2010), as opposed to the oil produced as a by-
product from eucalypts grown for pulp overseas. Increasing the yield of such high quality oil from 
mallee plantations will improve the competitiveness of Australian growers in the global market. 
Furthermore, new advanced uses for key monoterpenes, the primary constituents of the oil, offer 
the potential for rapid growth in demand which could shift the product from niche to commodity 
in the near future. 
Mallees such as Eucalyptus polybractea, E. loxophleba and E. kochii can produce oil containing an 
extremely high proportion of the monoterpene 1,8-cineole, which is what gives medicinal 
Eucalyptus oil its distinctive characteristics and commercial value (Coppen 2002). Many other 
species from the Myrtaceae produce oil with less 1,8-cineole but greater amounts of other terpenes 
such as α-pinene, β-pinene, limonene, terpinen-4-ol and α-terpineol (Padovan et al. 2014). The 
combination and relative proportion of dominant terpenes in the oil defines a chemotype within 
the species. Some species show a continuous distribution of variation in just one chemotype, while 
others present multiple discrete chemotypes. Tea tree (Melaleuca alternifolia), for example, exhibits six 
different chemotypes, only one of which produces oil that is valued commercially as Tea Tree oil 
(Butcher et al. 1996; Keszei et al. 2010). Oil from blue mallee (Eucalyptus polybractea), on the other 
hand, is almost always dominated by 1,8-cineole to varying degree. In addition to variation in 
chemotype, the actual concentration of oil as a proportion of the dry weight of leaf can vary 
enormously between and within species. These traits are of major importance to growers (Doran 
2002). 
Essential oil, whether it is found in eucalypts, tea trees, mint or hop, is an agricultural product that 
can be improved through a variety of selective breeding and/or genetic engineering techniques. In 
this thesis the focus is upon improving the yield of eucalyptus oil through genomic-assisted 
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breeding. This 21st century approach to an enduring problem is predicated on our ability to model 
the effect of every part of the genome upon the traits of interest, so that one may predict the future 
performance of an individual tree solely from its genetic profile (Meuwissen et al. 2001). Such 
genomic selection methods can shorten breeding cycle times (Grattapaglia and Resende 2011) and 
improve the accuracy of pedigree information, resulting in greater gain per unit time. They are also 
applicable to virtually every agricultural and forestry system. 
To accurately model the additive genetic effect across the genome with respect to a particular trait, 
it is important to understand how genetic effects of the trait are distributed (Daetwyler et al. 2010). 
Are there a few QTL of large effect? Are there thousands of QTL of very small effect? Or 
something in between? In this study I make the most comprehensive effort yet to elucidate the 
genome-wide architecture of oil yield in a species of Myrtaceae. My approach for this project is to 
make use of the most current genomic resources available in a population of oil-producing 
eucalypts. By using whole genome re-sequencing of 480 individual blue mallee trees I believe that 
we have the best chance of extending our understanding of the underlying genetic variation that 
causes variation in oil yield.  
Until now researchers have focused attention on regions of the genome that contain ‘smoking gun’ 
candidate genes – genes that are already known to have a role in the biosynthesis and downstream 
modification of terpenoid compounds. Whole genome re-sequencing, though relatively costly to 
perform, fills in the gaps in the bigger picture by providing data on these candidate genes as well as 
every other part of the genome. At the start of this project in 2013 the resources available for 
Eucalyptus genomics were somewhat limited. But with the publishing of the Eucalyptus grandis 
reference genome in 2014 (Myburg et al. 2014), a range of options opened up for obtaining 
genome-wide markers from next generation sequencing data.  
In Chapter One I review the current state of play in perennial essential oil crops (eucalyptus, tea 
tree and hop) and the progress that has been made in improving oil yields through selective 
breeding. Marker assisted selection, in which a few functionally important quantitative trait loci 
(QTLs) are introduced into a breeding population through careful crossing, is problematic (Hill 
2009) and unlikely to be successful for highly polygenic traits. I investigate the potential to use 
instead whole genomic selection in Eucalyptus species and highlight the genomic characteristics, 
such as linkage disequilibrium, trait heritability and genetic architecture that affect the predictive 
accuracy of such techniques. 
Introduction 
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The complexity of oil yield 
Producing more oil of the right type (i.e. of the desired terpene profile) per hectare is the goal of 
growers. Unfortunately foliar oil yield itself is a difficult trait to measure since it requires the 
destructive harvesting of the tree itself, so most selection of plants for breeding populations has 
been based on finding wild types with high oil concentration and high proportion of 1,8-cineole 
(Doran et al. 1998, Richard Davis pers comm), which are measurable from small leaf samples. Yet it 
is worth noting that the ability of an individual plant to produce a high yield of oil comes down to 
both its efficiency in terpene production as well as its capacity for storing those terpenes it 
produces (Goodger and Woodrow 2012). In Myrtaceae this means storage in specialised secretory 
cavities embedded in leaf mesophyll tissue, implying that the overall storage volume per leaf is of 
great importance for optimal yield, in conjunction with the total leafy biomass and growth rate of 
the tree.  
In Chapter Two I investigate the nature of phenotypic traits that contribute to oil yield in a large 
commercial progeny trial of Eucalyptus polybractea and show that selection for oil concentration and 
1,8-cineole proportion alone may not be sufficient to guarantee high yields. Poor leafy biomass 
accumulation, regulated by crown form, can override high oil concentration and result in poor 
yields. Breeders may need to look beyond oil concentration for accurate selection of high yielding 
genotypes. 
Genome-wide investigation of oil yield in Eucalyptus polybractea 
Underlying the variation in oil concentration and profile is a complex genetic architecture. Terpenes 
are produced in all plants and the genetic pathways involved are well studied and annotated 
(Lichtenthaler 1999; Lange et al. 2000; Vranova et al. 2013). Monoterpenes (which dominate the oil 
of blue mallee), are produced in the chloroplast via the methylerythritol 4-phosphate (MEP) 
pathway, while sesquiterpenes are produced via the separate MVA (Mevalonate) pathway in the 
cytosol. Both the MEP and MVA produce isoprenoid precursors which are then processed by 
terpene synthases, resulting in the terpenoid end products. In the Myrtaceae family we find the 
largest array of the terpene synthase genes (Külheim et al. 2015), which are responsible for the great 
diversity of mono and sesquiterpenes found in Eucalyptus and Melaleuca species. Our understanding 
of the genetics of chemotypic variation, or variation in oil profile, is therefore quite solid, although 
functional characterisation of each TPS has been difficult due to the extremely close sequence 
homology between many TPS genes, and the fact that different TPS genes can make the same 
product. Additionally, previous studies in Myrtaceae have shown that genes and regulatory elements 
in the MEP and MVA pathways indeed explain a significant proportion of the wide variation in oil 
concentration and yield (Külheim et al. 2011; Webb et al. 2013; Webb et al. 2014). However, 
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genetic variation that affects foliar oil concentration and plant-level oil yield cannot be pinned 
purely to these candidate genes or the immediate regions up and downstream of those genes.  
A large proportion of the heritability of oil concentration and yield is currently un-explained. This 
may be due to four main factors: 1) the heritability is over-estimated. This is a common problem in 
population studies of outcrossing species. Inbreeding between individuals within the population 
causes a departure from their assumed kinship levels based on limited pedigree information, which 
usually biases the heritability estimates upwards; 2) oil yield is probably affected by many QTLs 
outside of the candidate genes, in particular by genes that affect leafy biomass accumulation, 
secretory cavity development, precursor availability, molecular transport, leaf development and 
overall plant growth. Beyond genes, a large proportion of QTLs are often located in promoters and 
other intergenic regions that may play a regulatory role and therefore affect the trait. Since there 
have been no genome-wide association studies of oil traits the effects of these QTLs have not been 
accounted for; 3) There may be large numbers of relevant QTLs of small to very small effect that 
have gone undetected in previous studies that used small sample sizes (Yang et al. 2010; Wray et al. 
2013). Association studies require large populations (e.g n ≥ 500) to detect QTLs with effects less 
than 1% of the variance of the trait (Hill 2012); 4) Part of the natural genetic diversity remains un-
sampled (Thavamanikumar et al. 2013). Again, this is due to the limited size of previous studies. 
Most variants are rare. As the 1000 Human Genomes Project has shown, the number of true 
variants (e.g. SNPs) discovered in a species is a function of the number of individuals genotyped. 
To properly explore the architecture of complex quantitative traits it is necessary to use genome-
wide approaches in a large number of individuals. Thanks to advances in sequencing technologies 
over the last decade, and the ever descending price per sequenced base, genomic (rather than 
genetic) approaches are now possible in plants with reasonably small genomes. With enough data, 
all four issues listed above with respect to unexplained heritability could perhaps be addressed. 
In Chapter 3 I present the results of the first genome-wide association study (GWAS) for oil-yield 
related traits in Myrtaceae. This is an exploratory analysis aimed at discovering genes and other loci 
that affect the production and storage of oil in blue mallee. A key challenge for any GWAS is to 
ensure that any relevant QTL in the genome is indeed ‘marked’ by being in strong linkage 
disequilibrium with one or more segregating markers. Thus the extent of linkage disequilibrium 
(LD), or how rapidly it decays to background levels, is a critical factor in the success of a GWAS 
(Ersoz et al. 2008; Hill 2012). Studies in natural populations of eucalypts showed that LD decays to 
insignificance very rapidly (Külheim et al. 2011; Thavamanikumar et al. 2011), often in less than 100 
bp from any given locus, so with a genome size of approximately 600 Mbp, we would need to 
obtain millions of markers to ensure good coverage of most LD blocks in our population of E. 
Introduction 
15 
 
polybractea. Indeed at such high marker densities there is a good chance that some markers will 
actually be causal variants themselves. 
Through low depth whole-genome re-sequencing coupled with genotyping that makes use of 
background LD present in the population, I obtained 2.39 million SNP markers across the genome 
in 468 trees (out of the original population of 480). The results show a smaller effect of the terpene 
biosynthesis pathway genes than expected, but also reveal a wealth of loci that may influence the 
formation of secretory cavities, coordinate MEP and MVA precursor availability and produce non-
volatile compounds that occupy storage space. Furthermore, the final synthesis of the key 
monoterpenes 1,8-cineole and α-pinene is putatively localised to a cluster of terpene synthases 
genes on chromosome 1 of the Eucalyptus genome. 
Genomic prediction and selection for oil yield 
Traditional phenotypic BLUP (best linear unbiased prediction) models rely on the pedigree between 
individuals in the breeding population. Half-siblings, for example, are assumed to have a kinship of 
0.25, which is a mean value. In reality the kinship between any half-sibling pair may depart from the 
mean considerably. Furthermore, pedigree error (e.g. mislabelling) occurs with surprising regularity 
so a “half-sibling” pair may actually be completely unrelated (Doerksen and Herbinger 2010; Isik 
2014). These inaccuracies and errors result in reduced BLUP model accuracy. With genomic 
selection models such as G-BLUP, assumed pedigree is replaced by actual genomic pedigree where 
the true relationship between individuals is represented by markers in common by IBD (identity by 
descent) or IBS (identity by state). This can have a stark improvement on model accuracy, and 
hence the accuracy of breeding value estimation. In Chapter 4 I assess the accuracy of G-BLUP 
relative to phenotypic BLUP in the population of blue mallee using high density genome-wide 
SNPs, and also assess the difference in accuracy when using a validation population containing 
individuals that are related or unrelated to the training population. The genome-wide markers reveal 
significant pedigree errors, which translates into greater predictive accuracy for G-BLUP in nine out 
of eleven traits tested. G-BLUP is also able to maintain a level of accuracy in unrelated cross-
validation due to genetic covariance gleaned from background ancestral relationships. 
Partitioned models and Genomic Prediction 
The ability to accurately predict phenotype from genotype comes down to model specification, or 
rather, to limiting model mis-specification. Models must account for the true biological signal in the 
data while limiting noise. A balance must be sought between over-parameterization and under-
parameterization. 
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Genomic prediction models face the classic “large P small N” scenario. There are usually far more 
predictors (markers) than response data points (individuals’ phenotypes), so fitting a linear model 
with least squares regression is not possible. Meuwissen et al. (2001) realised that a form of best 
linear unbiased prediction (BLUP) could be used to treat the markers as random effects, thus 
reducing the number of parameters in the model to those describing the variance of marker effects. 
Simplistic infinitessimal models, such as G-BLUP, work well in many cases but are biologically 
unrealistic since they assume that every marker (i.e. segment of the genome) has an equally small 
effect on the trait (Meuwissen 2001), which we know to be untrue. Models have evolved to include 
priors on the distribution of marker effects to account for the fact that a few markers may have 
major effects, many more have small effects, and most have no effect on the trait at all (de Los 
Campos et al. 2013; Gianola 2013). More recently models are being developed that account for the 
fact that SNPs in different parts of the genome are more or less likely to affect traits at different 
scales (Zhang et al. 2014; Gao et al. 2015; Goddard et al. 2016; Macleod et al. 2016). This approach 
mirrors the approaches taken in phylogenetics over the past 10 years where different sites in a 
sequence alignment are modelled differently depending on the biological category in which they 
belong (coding, non-coding, codon position etc). In Chapter 5 (Partitioning paper) I show that it is 
important to recognise that one model does not usually suit all genomic data in a given dataset. 
Failure to do so in phylogenetic studies can occasionally result in highly supported, yet incorrect, 
tree topologies. In genomic prediction, the consequences of incorrect model definition manifest as 
a decrease in predictive accuracy. Scientifically this may not be particularly important. However, the 
economic consequences may be large since every percentage increase in accuracy matters from a 
breeding perspective, especially in long-lived perennial crops such as blue mallee. It is worth 
learning from the phylogenomics field where such models have been in development for some 
time. In Chapter 4 I apply this to genomic prediction models by partitioning and weighting SNPs 
according to their perceived importance in the trait’s genetic architecture.  
Challenges and tribulations 
The general plan for this project was relatively straightforward: 
1. Select 480 subject blue mallee trees from 40 half-sib families 
2. Sample leaf from all trees 
3. Measure an assortment of oil-related phenotypes in all trees 
4. Prepare DNA libraries for all 480 trees 
5. Sequence whole genome of each tree at ~7X target coverage 
6. Align sequences to E. grandis reference genome 
7. Call genotypes and perform GWAS and Genomic Prediction 
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8. Beer 
Not surprisingly, few of these steps were actually straightforward. 
Measuring oil traits with GC-MS 
The first major challenge came with analysing GC-MS scans for each of the 480 trees in the study 
population, at two time points. Detecting, deconvoluting and quantitating GC-MS peaks across 
large numbers of samples presents a complex computational challenge, particularly in my situation 
where retention time shifts occurred over the months it took to run all samples on the GC. A range 
of software was available to assist with the process. However, few freeware packages could perform 
the seemingly straightforward task of producing an 𝑁 × 𝑀 matrix of aligned peak areas (where N = 
number of samples, M = number of detected compounds) with minimal effort. I solved this issue 
by developing the easyGC pipeline on top of the PyMS python library (O'Callaghan et al. 2012). 
This gave me the flexibility to use parallelized command-line tools to take a large set of input GC-
MS chromatograms and output the desired matrix or downstream statistical analysis. EasyGC is 
available for download at http://dkainer.github.io/easyGC/, but will require further work to 
become more robust to varieties of GC data. 
Obtaining DNA 
The next major problem I faced in this project occurred after collecting frozen leaf from the field 
site. The leaves needed to be ground to a fine powder for DNA extraction, but the standard ball 
mill proved to be randomly ineffective with the fibrous, oily leaves of the blue mallees. An 
industrial strength robotic cryo-grinder (AKA ‘Frosty’) had been installed at RSB recently and I 
became the first beta user (never a good idea). When Frosty worked it ground leaves beautifully. 
However, the robot automation was poorly designed and bug-ridden. It took many months of 
delays, broken components, sample loss and persistence to achieve a set of 480 adequately ground 
samples. 
Initial attempts to extract DNA using a 96-well kit generally failed, both with the Qiagen DNeasy96 
kit and also with a Stratec kit. However, the single-sample Qiagen DNeasy Plant kit with a slightly 
modified protocol produced reasonable concentrations of DNA, so I proceeded by extracting in 
small batches of samples, despite this requiring many more weeks of lab work. 
Library quality 
Paired-end, barcoded NGS libraries were prepped using a customized ‘home-brew’ protocol 
(Rohland and Reich 2012) which saved an enormous amount of money per sample, but was 
somewhat unpredictable. Some samples required multiple attempts and extra rounds of DNA 
extraction from additional leaf. In the end I settled on 478 successfully prepared libraries out of 480 
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samples. The apparent fragment size distribution, as determined by electrophoresis gel and bio-
analyzer, appeared smaller than planned. The consequence of this was a high occurrence of 
overlapping read pairs which wastes sequencing effort and resulted in lower average depth per 
sample than anticipated. 
Genotyping 
Calling genotypes accurately from sequence data can be a challenge at the best of times, but is 
considerably more difficult at low depth. I specifically sequenced our genomes to the depth that the 
budget would allow, which resulted in an average of around 4X. At this depth, some of the most 
popular variant callers (Freebayes, SAMTools) produce a heavy bias towards homozygous calls due 
to uncertainty in sampling from both chromosomes. Using an LD-aware genotyper provided the 
solution (Nielsen et al. 2011). By using linkage disequilibrium in the population, haplotypes could 
be estimated for imputation and genotypes from the subset of individuals with higher depth (e.g. 8-
12X) used as guidance to refine the genotypes of those of lower depth. 
GWAS 
The study population comprised 40 half-sibling families of 12 individuals each, for a total of 480. 
This familial structure presented a major challenge for the GWAS. It is well known that family 
structure and ancestral population structure must be accounted for in GWAS models to avoid 
spurious associations that appear solely due to differences in sub-population allele frequencies. The 
use of a kinship matrix and principal components in a linear mixed model is advocated. However, 
avoiding false positive associations by including population structure terms in the model may also 
exclude any true positive associations which do indeed segregate with family structure (Ingvarsson 
and Street 2011). In a situation like this study where the truth is unknown, I opted to include both 
kinship and ancestral population terms in the model in order to minimise false positive rate rather 
than maximise true positive rate. 
Data flood 
GWAS and Genomic prediction require phenotyping and genotyping of large populations, which 
generates enormous volumes of data. At every stage of this project I sought to find computationally 
efficient ways to process such data. With a total FASTQ input of over 1.3 terabytes, parallelization 
on a cluster was an absolute necessity. The NCI high performance computational infrastructure, 
sited at ANU, provided me with the necessary means to process this data. The entire genomics 
component of this thesis would have been extraordinarily difficult without it. 
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Contribution to the field 
This thesis makes contributions to several fields at widening scales. At the agronomic level of 
breeding and selection for high yielding blue mallees, this thesis provides new information on the 
importance of different traits involved in oil yield, plus insights into the variation of oil 
concentration and individual terpenes in a significantly larger population than previous studies. The 
short-term consequence may be the development of improved selection methodology resulting in 
larger oil yields from the next generation of plantations. The GWAS then goes a step further by 
identifying a range of candidate genes that associate with essential oil and growth traits in blue 
mallee. This information has the potential to progress the metabolic engineering of terpenoid 
production in plants and micro-organisms as it provides a new (but un-verified) list of loci that 
appear to influence terpenoid production and transport. Finally, the genomic prediction study 
demonstrates not only the power of the genomic approach for estimating breeding values for 
essential oil traits, but also the benefits of using GWAS data to inform the genomic prediction 
process. This has implications for other essential oil crops beyond eucalypts and is, in fact, 
applicable to the prediction of highly quantitative traits in all agronomic systems. 
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Introduction  
Essential oils are a diverse group of around 3000 natural plant products, of which about 300 are 
traded commercially for purposes such as flavourings, cosmetics, pharmaceuticals, aromatherapy 
and solvents. They are typically composed of a mix of volatiles (mostly terpenoids) and aromatics, 
often dominated by one or two major compounds. A wide variety of oil-bearing plant species, 
ranging from herbs and grasses to trees, are cultivated in plantations or harvested from wild stands 
in order to obtain essential oils for trade. Though a few essential oils have been extracted since the 
Middle Ages (Bakkali et al. 2008), until recently many cultivated species had undergone little 
selection and improvement for oil yield, especially when compared to major agricultural crops such 
as maize, wheat and fruits. Commercially important essential oil-bearing species include Orange, 
Cornmint, Lemon, Eucalyptus, Tea Tree, Peppermint, Citronella and Hop. Pharmaceutical-grade 
Eucalyptus oil, the 4th largest essential oil by annual tonnage (CBI Ministry of Foreign Affairs 2012), 
has only been distilled commercially since the 1850s (Pearson 1993). The market for Eucalyptus oil 
became globally competitive during the 20th century due to the large-scale extraction of leaf oil as a 
by-product of wood and pulp production in China, South Africa and Brazil. Given the highly 
competitive nature of the essential oils market, in which uses for oils shift regularly and demand 
and supply can fluctuate rapidly, improvements in oil yield can be of great benefit to producers.   
For many selection and improvement programs, the primary goal is to increase the yield per unit 
area of the harvested product in a cost-effective manner. The expense of the breeding technique 
and labour must be at least offset by the longer term gain in revenues (Luby and Shaw 2001; 
Heffner et al. 2010). This economic equation has been balanced in recent decades with techniques 
such as mass selection and recurrent phenotypic selection on relatively small breeding populations. 
Studies and trials using molecular techniques such as Marker-Assisted Selection (MAS) for essential 
oil traits are few. Byrne (2007) surveyed over 150 perennial fruit and ornamental breeding programs 
from around the world to examine if and how they were making use of molecular markers. Only 
14% of the trials were using MAS for research, and only 3% were actively using markers to aid 
selection. The small scale of many breeding programs, lack of available markers, and poor cost per 
unit gain relative to phenotypic selection were cited as the primary impediments to the use of 
molecular markers. In particular Byrne (2007) noted that many of the crops included in his study 
had been recently domesticated and consequently had high genetic variability – a situation in which 
phenotypic selection can be the quickest and least expensive route to develop new cultivars. 
Although many essential oil crops are also likely to have high genetic variability, the cost 
effectiveness equation has steadily shifted further in favour of genetic markers since 2007 
(Bernardo 2008), through rapid improvements in genetic technologies. 
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In addition to the perception that MAS is more expensive than other methods, the use of MAS in 
selecting for complex quantitative traits in plants has some well documented problems (Holland 
2004; Hospital 2009). In short, MAS combines phenotypic and pedigree information with a priori 
knowledge of markers for specific genes, or quantitative trait loci (QTLs), associated with the trait 
of interest. Individuals with the most favourable breeding values are selected using phenotypic data 
supported by genotype data for those key markers. It is the goal of the breeder, through crossing, to 
produce a new generation in which at least some individuals will contain the majority, or even all, of 
the favourable QTL alleles. The more QTLs that are included in the MAS process, the more 
progeny are required to ensure that at least some of those progeny will contain the majority of the 
favourable alleles. In order to keep the scale realistic and avoid the inclusion of false positive 
associations, only QTLs that are deemed to be highly significant (e.g. P < 0.0001) are used and the 
rest are culled. This has been shown to upwardly-bias estimates of the effects of the chosen QTLs 
(Beavis 1994) and to cause breeders to miss out on the cumulative effects of many minor QTLs. In 
practice, most markers identified in candidate gene association studies in forest trees explain less 
than 5% of the total variation of the trait, so for complex traits that are influenced by many QTLs 
of small effect MAS is often not particularly useful or cost-effective (Luby and Shaw 2001; Hospital 
2009; Thavamanikumar et al. 2013). 
Recent advances in the theory of genomic selection (GS) have generated renewed interest in using 
molecular markers for plant breeding. Genomic selection involves the selection of favourable 
individuals based solely on the predictive value of genetic markers (Meuwissen et al. 2001). The 
process involves two main stages. First, a training population (TP) is phenotyped, and genotyped 
across the whole genome to develop a model of breeding value. Cross-validation techniques are 
often applied, where a subset of the training population is excluded from the process of estimating 
parameters so their phenotypic values can be used to verify the model’s predictive accuracy. 
Second, a separate breeding population (BP) is genotyped and the model derived from stage 1 is 
applied to estimate each individual’s Genomic Estimated Breeding Value (GEBV) which is used for 
selection.  The model of breeding value in the first stage is developed by simultaneously estimating 
the additive effect on the phenotype of every chromosomal segment of the genome that is bounded 
by the genotyped markers. GS enables selection to be applied before the mature phenotype is 
measurable, and the unit of selection is the allele rather than the line (Lorenz et al. 2011). By 
avoiding the need to wait for plants to mature before selection, GS can considerably shorten the 
selection cycle, decrease labour costs, and increase the gain per unit time (Wong and Bernardo 
2008; Heffner et al. 2010). Early selection can also reduce the size, and therefore cost, of land 
required for field trials. Finally, by estimating effects for all available markers, GS can capture the 
effects of many small-effect QTLs, thus avoiding the problems of missing trait variance and biased 
QTL effects inherent in MAS. This aspect of GS is particularly powerful for the breeder – in a 
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scientific context the majority of marker effects would be rejected as statistically insignificant, but 
GS for breeding purposes presents no such restrictions. 
When it was first proposed by Meuwissen et al. (2001), the feasibility of GS was questionable since 
the concept hinges on the ability to genotype many markers across the whole genome to ensure 
that all QTLs are in association with at least one proximate marker. The advent of high throughput 
SNP genotyping technologies, e.g. SNP chips, Genotyping-by-Sequencing (GBS) and whole 
genome re-sequencing, has since lowered the barrier to high density, low cost genotyping. As a 
consequence, a variety of simulated and empirical GS studies have been performed in plants since 
2007, with accuracies and genetic gains usually exceeding both phenotypic selection and MAS. The 
majority of plant-based GS studies have taken place in highly inbred crops with large scale breeding 
programs; maize (Zhao et al. 2012; Massman et al. 2013), wheat (Heffner et al. 2010), barley 
(Lorenzana and Bernardo 2009; Crossa et al. 2010), cassava (Oliveira et al. 2012), apples (Kumar et 
al. 2012), sugarcane (Gouy et al. 2013) and sugar beet (Würschum et al. 2013). Commercially 
important forest tree species such as Eucalyptus grandis (Resende MDV et al. 2012; Denis and Bouvet 
2013), Picea glauca (Beaulieu et al. 2014) and Pinus taeda (Resende MFR et al. 2012) have also received 
attention to improve wood and growth traits. genomic selection in plants has been the subject of 
several reviews in the past few years in both forest tree breeding (Isik 2014), and more generally in 
plant breeding (Jannink et al. 2010; Lorenz et al. 2011; Nakaya and Isobe 2012). 
Here we review the feasibility of genomic selection for the improvement of essential oil yield. We 
explore the challenges facing breeders when selecting for oil yield with traditional means and how 
GS might deal with them. We then assess the factors that affect the accuracy of genomic estimated 
breeding values (GEBVs) such as Linkage Disequilibrium (LD), heritability, relatedness between 
the training and breeding populations and the genetic architecture of desirable traits in order to 
determine if GS is a viable technique for increasing oil yield in certain essential oil species, with a 
focus on out-crossing perennials such as Eucalyptus, Tea Tree (Melaleuca sp) and Hop (Humulus 
lupulus L). 
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Selecting for Essential Oil Yield 
Essential oil yield is complex and comprises multiple quantitative traits (Doran et al. 2002) that 
should be accounted for during a selective breeding process. These traits include: 1) oil 
concentration per leaf; 2) biomass (leaf mass for some species; flowers, bark, wood or seeds for 
others); 3) broad adaptability to variable environments; 4) resistance to pests and diseases. The first 
two traits form the basis of oil yield ‘per plant’, which combined with the other two traits forms the 
basis for overall yield per unit area of plantation. Additionally the composition, or quality, of the oil 
is often critical to the selection process in order to maintain levels of certain compounds at industry 
requirements. For Eucalyptus oil, at least 70% (v/v) of the monoterpene 1,8-cineole is required for 
the oil to be classed as pharmaceutical grade (BP) along with a negligible amount of undesirables 
such as α-phellandrene (Coppen 2002). Tea tree oil quality is more complex as there are multiple 
known chemotypes, each with their own compound profile (Butcher et al. 1996; Keszei et al. 2010) 
but commercially valuable oil must contain >40% (v/v) of terpinen-4-ol and <4% (v/v) of 1,8-
cineole. In hop, the essential oil accumulated in flower cones is used to impart flavour and aroma in 
beer, so hop cultivars are developed with varied oil concentration and profile in order to meet the 
requirements of the brewing industry. Finally, for those species that are continually harvested 
through coppicing (e.g. various Eucalyptus “oil mallees” and Tea Tree plants) the ability to 
regenerate rapidly after being harvested, and to produce consistent oil yield at the time of the next 
harvest is also critically important. 
Despite its complexity, certain factors combine to present a strong case for the potential for 
improving oil yield. Firstly, the lack of long-term selection or domestication in many oil-bearing 
species means that populations show great phenotypic variation in oil traits and contain a vast array 
of allelic diversity (Thumma 2005; Külheim et al. 2009; Goodger and Woodrow 2012; Webb et al. 
2013). For example, the oil concentration in Eucalyptus polybractea (Blue Mallee) can range from 0.7 
to 13% of leaf dry weight (King et al. 2006) while in Melaleuca alternifolia (Medicinal Tea Tree) it 
ranges from 2.5 to 14.5% of dry weight (Homer et al. 2000). Secondly, much of the observed 
variation in foliar oil concentration and composition has been shown to be moderately to highly 
heritable in a variety of species: Eucalyptus (Doran and Matheson 1994; Grant 1997; King et al. 
2004; Goodger and Woodrow 2012), Tea Tree (Butcher et al. 1996; Doran et al. 2002), Fennel 
(Izadi-Darbandi et al. 2013) and Peppermint (Kumar et al. 2014) (Table 1). High heritability leads to 
increased accuracy of selection since much of the observed variation is due to genetic rather than 
environmental effects. Under these conditions, recurrent phenotypic selection has the power to 
generate large gains per selection cycle. Indeed this has been the case for various essential oil crops 
over the past decades. For example, five cycles of recurrent selection in Cymbopogon flexuosus 
(Lemongrass) increased mean oil concentration from 0.7% to 1.7% (Kulkarni et al. 2003) while in 
Carum carvi (Annual Caraway) mean oil concentration increased from 3.4% to 7.4% over 20 years of 
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recurrent selection (Pank 2010). The Australian Tea Tree breeding program has doubled 
commercial Tea Tree oil yield from 150 kg ha-1 to 300 kg ha-1 since 1993 through selection based 
on a weighted multi-trait index (Baker et al. 2014). Estimated gains from one cycle of selection for 
oil concentration in Eucalyptus species E. camaldulensis  (Doran and Matheson 1994) and E. polybractea 
(Grant 1997) are around 30%, though Goodger and Woodrow (2008) noted that in practice, trial 
plantations of E. polybractea often failed to achieve such gains due partly to large variation in open 
pollinated half-sibling progeny. 
 
Table 1 - The narrow sense heritability (h2) of essential oil concentration (oil conc) and of biomass in 
a range of commercial crops 
Species Common name h
2
 (oil conc) h
2
 (biomass) References 
M. alternifolia Tea Tree 0.67 0.25 Butcher et al. 1996 
M. alternifolia Tea Tree 0.51-0.93 0.25 Doran et al. 2002 
M. piperita Peppermint 0.54 - Kumar et al. 2014 
E. polybractea Blue Mallee 0.36 0.05 Grant 1997 
E. camaldulensis River Red Gum 0.54 - Doran and Matheson 1994 
E. kochii Oil Mallee 0.83 - Barton et al. 1991 
H. lupulus Hop 0.37 0.03 Murakami 1999; McAdam et al. 2014 
 
Limitations of Phenotypic Selection for Oil Yield 
Although phenotypic selection often performs well for quantitative trait improvement, it has its 
limitations. Notably long cycle times in perennial crops, large and costly progeny trials and difficulty 
selecting for multiple traits simultaneously can limit the gain per unit time and cost. 
Long cycle times 
The usual cycle time for selection in E. polybractea is 3-5 years, in Tea Tree it is 3 years, while in E. 
camaldulensis the time to first flowering averages around 14 years making the selection gain per unit 
time far smaller than is achievable in many annuals. For example, the significant oil yield gains made 
by the Australian Tea Tree breeding program (see above), operating since 1993, must be considered 
in the light of the commercial release of only three improved cultivars to date (Baker, 2014). The 
long time to maturity also adds large costs to breeding programs for such species since a great 
number of trees must be nurtured, consuming resources and labour, only to later be culled at the 
point of selection. 
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Genetic correlations 
To get the most benefit out of an essential oil breeding program it is desirable to select for oil 
concentration, biomass, oil composition, coppice ability and plant adaptability simultaneously. 
Genetic correlations, 𝑟𝑔 , can affect the accuracy and size of the gains that can be made for multiple 
traits with artificial selection. A negative correlation between two traits means that selection for one 
is likely to result in deterioration in the other. Estimates of genetic correlations are often imprecise 
due to large sampling errors, and they are strongly influenced by allele frequencies and so may differ 
between populations (Falconer et al. 1996). Nevertheless, various examples provide guidance on 
how selection gains in oil yield can be affected. In predictive studies of Tea Tree, Butcher et al. 
(1996) estimated 𝑟𝑔 = -0.42 for oil concentration and dry biomass, though recent results from two 
related seedling orchards (Baker et al. 2014) show wide  variation in the genetic correlation between 
oil concentration and leafiness (𝑟𝑔 = 0.624 at one site and 𝑟𝑔 = -0.246 at the other).  Recurrent 
selection for oil concentration in this population might eventually lead to a reduction in total oil 
yield due to loss in biomass. Doran and Matheson (1994) also found a negative correlation for oil 
concentration and growth traits such as height (𝑟𝑔 = -0.481)  in E. camaldulensis, though with a large 
standard error. In an E. polybractea progeny test, Grant (1997) found a small negative correlation 
between oil concentration per leaf and leaf biomass of 𝑟𝑔 = -0.174. In hop, overall cone yield and 
essential oil concentration are highly important traits to breeders, but selection for cone yield may 
negatively affect total oil content due to significant negative correlation (Henning et al. 1997) and 
therefore make the development of certain high yield cultivars difficult. 
Negative correlation between oil concentration and biomass could occur if increased biosynthesis 
and accumulation of terpenes has a high cost to the plant, leading to fewer resources being 
allocated to growth. On the other hand increased biosynthesis and/or accumulation of terpenes 
may improve the plant’s defences against herbivores (Farmer 2014), or be an indicator of natural 
selection for factors other than growth. For example, King et al. (2006) found that the 
accumulation of foliar oil was actually associated with better growth in E. polybractea, but no 
evidence was found to suggest a mechanism of herbivory defence. It should be noted that in this 
latter study the correlation was measured in seedlings. It is possible that any positive correlation 
between oil concentration and growth disappears by maturity - the point at which phenotypic 
selection for oil content is most accurate.  
Complex traits 
Traits such as oil concentration and biomass are often controlled by large numbers of genetic loci 
of small effect. Different individuals can exhibit similar phenotypes despite possessing very 
different sets of alleles at those loci. Producing and detecting crossed progeny that possess 
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favourable alleles across all loci is extremely difficult and many controlled crosses are needed, 
resulting in greater population sizes and lower gain per unit cost. 
Phenotyping 
The process of phenotyping presents its own unique set of challenges that scale with the size of the 
breeding population. Assessment of oil concentration and composition per individual plant using 
methods such as steam distillation or solvent extraction followed by gas chromatography is costly 
and time-consuming. Estimating biomass based on growth traits and foliar measurements may be 
simpler but still requires significant labour per plant, while truly measuring biomass (rather than 
making estimates) often requires the destruction of the plant itself. 
Phenotypic changes during growth 
Phenotypic changes during growth can limit attempts to reduce cycle times and/or breeding 
population sizes through early selection. Oil composition and concentration often change 
dramatically as a plant matures, making it hard to accurately select or cull progeny based on 
immature phenotypes (Coppen 2002). In some species, certain desired chemotypes may not even 
be detectable until plants reach a certain age. Doran and Bell (1994) studied the yield of 
monoterpenes in E. camaldulensis under glasshouse conditions and found that leaves from 26 month 
old trees had 42% greater average cineole content than the same trees at 7 months of age, although 
ranking of the best and worst trees did remain consistent in this case. Barton et al. (1991) estimated 
that the narrow sense heritability of oil concentration in E. kochii (Oil Mallee) was h2 = 0.83 for 
mature trees, but only h2 = 0.19 for 1 year old juveniles highlighting the difficulty in estimating the 
true performance of progeny at early stages using purely phenotypic measurements. Similarly, in E. 
polybractea maternal oil concentration and oil concentration in young half-sib progeny are only 
weakly correlated, due to the large variation within the half-sib families (King et al. 2006). These 
findings caution against early phenotypic selection for oil concentration and composition as it may 
compromise final gain. 
Improving Selection Efficiency with Genomic Selection 
Marker-assisted selection techniques such as genomic selection (GS) are designed to tackle the 
issues discussed above by selecting individuals based on genotypic values rather than phenotypic 
values. GS has been shown, both in simulations and empirically, to provide improved selection 
efficiency compared to phenotypic selection (PS) and MAS (although this is not always the case – 
see Jannink et al. (2010)). For poorly heritable traits in particular, GS has been shown to produce 
equal or larger gain than PS and MAS due to the greater predictive accuracy of GEBVs (Heffner et 
al. 2010; Resende MDV et al. 2012). On the other hand, several studies have indicated that a single 
cycle of PS often outperforms a single cycle of GS. For example, in a simulation for breeding in 
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cassava, Oliveira et al. (2012) estimated that PS would produce gains 13-30% greater than GS for 
various traits over a single 4 year cycle. Similarly, in an empirical study for the improvement of an 
index of yield-related traits in maize, Massman et al. (2013) showed that GS outperformed MAS, 
but produced lower gains for a single cycle than PS. 
Despite some limitations in single cycle selection, GS consistently outperforms other methods in 
recurrent (multiple cycle) selection. Cycle times can be dramatically reduced with GS because 
markers can be genotyped from very young plants, so selection based on GEBVs can be performed 
without waiting for mature phenotype. By inducing early flowering in selected individuals, the 
breeding cycle can be truncated (Grattapaglia and Resende 2011). The rate-limiting factor for 
reducing cycle time with GS is therefore the ability for early propagation, and achieving this is not 
necessarily straightforward in all essential oil bearing crops. In some Eucalyptus species, e.g. E. 
globulus, chemically-induced early flowering has successfully reduced cycle time by up to 50% 
(Hasan and Reid 1995). In other Eucalyptus species it is possible to graft juvenile cuttings onto 
established rootstock, triggering earlier flowering in the juvenile genotype. In Melaleuca there has 
been limited success with chemical methods (Doran et al. 2002), however, large variation in 
flowering time exists due to abiotic stresses (such as low winter temperatures). This effect can be 
exploited to reduce flowering time from 42 months to just 14 months (Baskorowati et al. 2010). 
Though the actual gain per cycle may sometimes be lower with GS, the increased frequency of 
cycles serves as a multiplier that makes the GS approach more efficient per unit time than PS (see 
Fig 1). This is particularly effective for perennial crops because of their long generation times (and 
hence long PS cycle times). In the earlier cassava example, a reduction in cycle time from 4 to 2 
years through the use of GS results in a predicted efficiency gain of 39-74% for various traits 
compared to PS. For wood growth traits in various Eucalyptus species it was predicted that reducing 
the breeding cycle length by 50% would result in efficiency gains of 50-100%, while reducing cycle 
length by 75% (if possible) could see efficiency gains of up to 300% (Resende MDV et al. 2012). 
Wong and Bernardo (2008) predicted that genomic selection can shorten cycle time in oil palm 
from 19 years to 6. In Malus x domestica (Apple), cycle time was reduced from 7 to 4 years resulting 
in over 100% improvement in gain per unit time compared to conventional phenotypic selection 
methods (Kumar et al. 2012).  
Factors affecting GS accuracy in Essential Oil Species 
GS aims to use the information provided by genome-wide markers to model the additive genetic 
variance of a trait. The markers carry two main forms of information that can improve predictive 
accuracy over traditional pedigree-based methods such as Best Linear Unbiased Prediction (BLUP). 
Firstly, the additive genetic effects of markers that are in LD with QTLs can be used to build a 
model of the trait variance based on the genetic architecture of the trait itself. Secondly, the markers 
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provide an accurate measure of relatedness between individuals in the training and breeding 
populations based on identity-by-state or identity-by-descent of genotypes (Yang et al. 2010; de Los 
Campos et al. 2013). For example, in a pedigree two full-sibs are assumed to possess 50% of 
common parental genetic material, however due to random segregation of chromosomes during 
meiosis the real percentage may be significantly lower or higher. Accurately capturing this 
Mendelian sampling effect results in a finer grained measure of just how related two individuals are 
(Habier et al. 2007; Habier et al. 2013). Whilst information about relatedness breaks down rapidly 
with each generation beyond the training population, LD information can persist and is more 
effective for predictions in individuals that are relatively unrelated to the training population 
(Habier et al. 2007). 
 
Fig 1 - A schematic representation of breeding approaches based on either phenotypic (PS) or 
genomic selection (GS). Both (a) PS and (b) GS start with a cross between parental lines or natural 
populations, requiring N years to reach maturity. After that, each cycle of PS requires P years in which to 
select, cross and grow the next generation to maturity. Each cycle of GS requires G years, but G is often 
much smaller than P since the breeding population can be genotyped, have GEBVs calculated, and be 
selected and crossed at a young age. Over multiple cycles C, the time expended for PS is N + CP while the 
time for GS is N + CG. Assuming similar gain per cycle from both methods, the gain from PS can be 
achieved in a much shorter time with GS. 
 
The genome-wide scale of GS presents a modelling issue known as “large p, small n” (Jannink et al. 
2010), where the number of markers (p) for which effects are to be estimated far exceeds the 
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number of individuals (n) for which there are data. This results in over-fitting of the data, 
redundancy and multicollinearity between many markers, and the inability to model the marker 
effects using multiple regression by ordinary least squares. Aggressively culling the markers to a 
smaller subset containing only those with the largest effects often reduces the situation to that of 
MAS, forfeiting the inherent advantages of GS (Meuwissen et al. 2001; Moser et al. 2009). As a 
consequence, a range of modelling techniques have been designed to keep the advantage of 
including all or most marker effects while avoiding the ‘large p, small n’ problem (de Los Campos 
et al. 2013). Detailed comparisons of various genomic selection models, both simulated and 
empirical, are available at Gianola (2013), Heslot et al. (2012), Lorenz et al. (2011) and Ogutu et al. 
(2012). They can broadly be categorized into two main strategies (Daetwyler et al. 2010): 1) BLUP-
based methods (e.g. G-BLUP, RR-BLUP) that assume an infinitesimal model of genetic 
architecture, where all markers have effects drawn from a common normal distribution, though 
marker effects may be equally shrunken towards zero; 2) variable selection methods (e.g.,Bayesian 
linear regression, LASSO, Elastic Net, machine-learning methods) that relax the assumption of a 
common distribution of marker effects across the genome, so that portions of markers have 
significantly larger effects, smaller effects or are not included in the model at all. Both strategies 
model the additive genetic variance of the trait as described by a population’s relatedness and LD 
(Habier et al. 2007; Zhong et al. 2009; Habier et al. 2013). However, their accuracies differ 
according the prevalence of each type of information, which in turn are affected by a range of 
factors: 1) the genetic architecture of the trait in question, 2) extent of LD in the populations, 3) 
degree of relatedness between the training and breeding populations, 4) the size of the training 
population, and 5) the density of markers used for genotyping. 
One measure of accuracy is defined by Daetwyler et al. (2010) as the expected correlation between 
marker-predicted genotypic value and true genotypic value (𝑟𝑔?̂?), which can be estimated by the 
equation: 
𝑟𝑔?̂? = √
𝑁ℎ2
(𝑁ℎ2 + 𝑀𝑒)
⁄   -- equation 1 
where N = training population size, h2 = heritability of selected trait, Me = the number of 
independent chromosomal regions, or QTLs, underlying the trait in the population. Equation 1 
suggests that the accuracy of prediction improves with a larger training population, higher 
heritability and fewer QTLs. These predictions were mostly borne out in a recent study of five 
populations of maize, wheat and barley (Combs and Bernardo 2013). Likewise as Me decreases, 
which occurs with increasing relatedness between individuals, accuracy improves (Daetwyler et al. 
2013). 
Below we examine how these factors might impact a genomic selection program for improving 
essential oil yield in perennial crops. 
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Genetic Architecture 
In genomic selection, the additive effect of every genotyped marker on phenotypic variation is 
considered. The choice and accuracy of the GS model depends somewhat on the distribution of 
marker effects, which is ultimately tied to the number of QTLs underpinning the trait(s) and the 
distribution of QTL effects (Daetwyler et al. 2010). Understanding the genetic architecture of the 
traits under selection is highly important to the success of genomic selection. 
Our understanding of the biosynthetic pathways that underlie terpene production is well-developed, 
and often a significant amount of variation in oil profile and concentration can be explained by the 
genes in those pathways (Figure 2). QTL analysis in E. nitens identified 45 loci that were 
significantly associated with a range of monoterpene and sesquiterpene traits, each explaining from 
3% to 16% of variance (Henery et al. 2007). The authors noted that terpene concentration in 
eucalypts may therefore be affected by relatively few loci of relatively large effect. Additionally, 
QTLs for several phenotypically correlated monoterpene traits were clustered together, pointing to 
putative genes with impact on the monoterpene precursor compound geranyl diphosphate, or 
perhaps regulatory factors for terpene synthase genes. QTL analysis also identified 13 widely spread 
QTL regions associated with the foliar concentration of terpenes in E. globulus explaining up to 71% 
of trait variance (O’Reilly-Wapstra et al. 2011). In Humulus lupulus (Hop), linkage mapping and QTL 
analyses (Cerenak et al. 2009; McAdam et al. 2013) have revealed several large genomic regions of 
significance for total oil content, terpene concentrations (e.g. humulene) and biomass (e.g. cone 
weight). Certain putative QTLs clustered together within a linkage group and were associated with 
multiple oil traits, possibly reflecting the presence of gene families from terpene synthesis pathways. 
Other QTLs, however, showed large and isolated effects on individual terpene compounds, 
suggesting the presence of regulatory factors involved in the latter stages of biosynthesis. The small 
sample sizes and low number of genotyped markers used in these studies suggests that estimated 
QTL effects, such as 20% of total oil content variation explained, are probably exaggerated. 
Additionally the narrow phenotypic and genotypic diversity present in the mapping populations 
limited the range of potential QTLs to be discovered. Finally, the common practice of using the 
same population to both detect QTLs and estimate their effect size has been shown to cause 
upward bias on estimates of the effects of QTLs (Utz et al. 2000). The majority of heritable 
phenotypic variation, not surprisingly, remains unexplained and would require genome-wide 
investigation in larger, more diverse populations. It should be noted, however, that we face 
diminishing returns from the use of increasingly large populations since most the effect size of 
newly discovered alleles is typically small. 
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Fig 2 An overview of the enzymes involved in the monoterpene biosynthesis pathway and QTL that 
are associated with terpene concentration. Total oil concentration appears to be influenced by the overall 
availability of photosynthetic precursors as input to the MEP pathway, plus allelic variation at several points 
within the pathway. Variation at later stages, e.g. the Terpene Synthases (TS), mostly affects the ratio between 
individual terpenoids rather than overall concentration. 
 
QTL analyses have provided a low-resolution estimate of the location and effect size of major 
QTLs for oil traits. As a result, association studies in populations of the Myrtaceae family (which 
includes Eucalyptus and Tea Tree) have since focused on the specific genes involved in the synthesis 
of terpenoids and their effect on quantitative variation in oil content and composition. Külheim et 
al. (2011) investigated genetic associations between SNPs in 24 candidate genes from biosynthetic 
pathways and quantitative variation in plant secondary metabolites in E. globulus. The study revealed 
37 significant associations in 11 genes, each explaining between 2 and 6% of phenotypic variation 
in 19 oil traits. It should be noted that this study used a low density of markers so probably missed 
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many QTLs, while the use of candidate genes and significance thresholds probably resulted in over-
estimates of the effect sizes of associated QTLs. A candidate gene approach was also used by Webb 
et al. (2013) to investigate pathways of genetic control of terpene concentration in a small wild 
population of M. alternifolia (Tea Tree). This study revealed that, in addition to the relevance of 
individual genes within the terpene synthase pathway (see Figure 2), the coordinated regulation of 
the precursor MEP pathway showed a strong and significant correlation with the concentration of 
the commercially-important terpinene-4-ol (R2=0.87) in that species. The strength of this result, 
however, must be considered in light of the small sample size (N=48). 
Teasing out the more elaborate or precise genetic architecture of oil traits requires going beyond 
QTL approaches to genome-wide association studies (GWAS), though difficulties persist. QTLs in 
plants have been shown to have varying estimated effect sizes from large (>10%) to extremely 
small (<<1%), with a skew towards smaller effect sizes (see Ingvarsson and Street 2011). The 
power of GWAS to detect a QTL is a function of effect size (a2) and LD (R2), so the smaller the 
effect of a QTL the harder it is to detect it (Hill 2012). When a trait is affected by a multitude of 
small-effect QTLs in a study population with short LD, then much of the genetic variation 
underpinning that trait may still remain unexplained – part of the classic ‘missing heritability’ in 
GWAS and QTL mapping studies (Myles et al. 2009). Additionally, few association studies in forest 
trees have detected QTLs that explain greater than 5% of trait variation (Grattapaglia et al. 2012), 
though rare alleles which explain a greater percentage of the total trait variance may exist but go 
undetected due to the lack of power when the study population size is small. 
Little is known about the genome-wide architecture of essential oil yield in natural populations  
(Webb et al. 2014) as the rapid decay of LD in many outcrossed perennial species has made GWAS 
unfeasible until very recently. Zhu et al. (2008) and Hall et al. (2010) both presented lists of 
contemporary GWAS studies in plants, though none directly involved essential oil producing 
species, let alone any traits associated with essential oil production. Indeed most studies of the 
genetic architecture of oil concentration and biomass pertain to major commercial crops. 
Nevertheless, these studies provide insight into the complexity of these traits in plants in general. 
For example, kernel oil concentration analysed in a large maize population is under control of at 
least fifty QTLs of estimated small and mostly positive effect, that account for ~50% of genetic 
variance (Laurie et al. 2004; Li et al. 2013).  
Variation in essential oil concentration is most probably controlled by several key QTLs within and 
near to terpene synthesis pathway genes with large effect (Figure 2), plus a greater number of QTLs 
of small effect throughout the genome which are likely regulatory elements. For the estimation of 
GEBVs, it may be prudent to consider modelling methods that distinguish these few well-
characterized loci of larger effect from the many other unknown loci across the genome. A recent 
model, W-BLUP (weighted best linear unbiased prediction), was proposed by Zhao et al. (2014) 
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with the intent to treat specific markers of large effect known from prior association studies 
differently, while still simultaneously modelling the many minor unknown effects. W-BLUP aims to 
bridge the gap between MAS and GS and could be appropriate for GS for essential oil yield due to 
a priori knowledge of important QTLs in the terpene biosynthesis pathway. Another recent model, 
MultiBLUP (Speed and Balding 2014), clusters markers, or genomic regions, into partitions based 
on effect size, with each partition being treated as a different random effect. Since significant oil 
trait QTLs have been mapped in clusters within linkage groups, this may be an effective approach 
worth exploring further. Models that assume constant marker-effect variance across the genome, 
such as RR-BLUP, are probably more appropriate for biomass traits where the infinitesimal model 
is realistic. In reviewing a wide range of GS models, de Los Campos et al. (2013) noted that in 
empirical studies model choice often makes little difference to accuracy, but also noted that few 
studies to date have used natural populations with short LD in which case model choice is likely to 
carry more weight. 
Linkage Disequilibrium (LD) and Marker Density 
The resolution of QTL discovery is a function of LD decay, and therefore LD is at the heart of 
marker-based breeding techniques such as GS. Linkage disequilibrium refers to non-random 
association between pairs of loci, e.g. between two markers, between two QTLs, or between a QTL 
and a marker (Gupta et al. 2005). The intensity of LD between two loci is typically a function of the 
physical distance between them on a chromosome and the frequency of recombination in that 
region. Loci that are closer together and/or in a low recombination region have higher LD, since 
historical recombination events are less likely to have ‘shuffled’ the common stretch of DNA that 
links them. It is recombination events that cause LD to decay over time within a population (Figure 
3).  
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Fig 3 - A schematic depiction of the decay in Linkage Disequilibrium (LD) in outcrossed 
populations over time. The decay is particularly rapid when there is a large effective population size (Ne) as 
the effect of genetic drift in reducing allelic variation is diminished. LD can be lengthened through breeding 
with a small effective population or inbreeding. 
 
Table 2 - The extent of significant Linkage Disequilibrium (LD) in various perennial species 
including Pinus, Eucalyptus, Melaleuca and Vitis. * LD is typically short and its decay can be determined by the 
mean distance (in bp) at which the pairwise correlation (r2) between markers drops below a threshold of 
significance. Since effective population size (Ne) likely varies between these studies, the reported values of LD 
are not truly comparable across the studies. 
Species Significant r
2 
Distance (bp)* References 
Picea. abies unspecified 100 - 200 Rafalski and Morgante 2004; Heuertz et al. 2006 
Pinus taeda < 0.2 1500 Neale and Savolainen 2004 
Pinus nigra < 0.2 300 Chu et al. 2009 
Pseudotsuga 
menziesii 
< 0.2 300 Krutovsky and Neale 2005 
Populus balsamifera unspecified > 750 Olson et al. 2010 
Eucalyptus globulus < 0.2 200 - 500 Thavamanikumar et al. 2011; Külheim et al. 2011 
Eucalyptus nitens unspecified Low Thumma 2005 
Melaleuca 
alternifolia 
< 0.3 500 -1000 Keszei et al. 2010; Webb 2015 (unpub) 
Vitis vinifera < 0.2 50 – 200 Lijavetzky et al. 2007; Myles et al. 2010 
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When a marker is associated with a phenotype, it acts as a predictor for the surrounding 
chromosomal region that is in LD with that marker - we can infer that a causative QTL probably 
lies somewhere within that linked region. When LD decays quickly, the linked chromosomal region 
surrounding any given marker is short, and so many uniformly distributed markers are required to 
ensure that every segment of the genome is linked with at least one nearby marker. Therefore, the 
average genomic distance over which LD decays determines the density of markers that will be 
required in a genomic selection program in order to adequately model marker-QTL associations. 
Strong LD between two loci is commonly considered to be R2 > 0.1 (Nakaya and Isobe 2012), 
though 0.2 or even 0.3 are also commonly used (see Table 2). Calus et al (2008) demonstrated 
through simulation that the accuracy of GEBVs increased as the average LD between adjacent 
markers increased from R2=0.1 to R2=0.2, so for genomic selection it has been suggested that 
adjacent markers have LD of at least R2>0.1 or 0.2 (Massman et al. 2013). The reasoning is well 
described by Ersoz et al (2008). A large effect QTL may explain, for example, 15% of the 
phenotypic variation. A marker in LD with that QTL at intensity of R2=0.1 explains 10% of the 
variation in the QTL, which in turn means that the marker itself only explains 1.5% of the 
phenotypic variation. Therefore, the power to detect a QTL is a function of the effect size of the 
QTL and the strength of LD between the QTL and a nearby marker. Accordingly, GS accuracy 
increases with increasing marker density until it eventually reaches a plateau when the genome is 
‘saturated’ with markers that are in strong LD with all QTLs (Meuwissen and Goddard 2010; 
Combs and Bernardo 2013). 
For the reasons above, the first step in an association study design is to assess the extent of LD in 
the study population (Myles et al. 2009) in order to determine how many markers are required.  
Much of the research on the extent and distribution of LD has been reported in humans, animals 
and annual crop species, but there are examples in outcrossing perennial plants (Table 2). 
In undomesticated outcrossing species, the LD between any two polymorphic markers typically 
decays rapidly with increasing genomic distance due to many generations of effective historical 
recombination in a large effective population (Figure 3). This is certainly the case in Eucalyptus and 
Melaleuca, which are often highly outcrossing in the wild (Grattapaglia and Kirst 2008; Myburg et al. 
2014) and have large effective population sizes. The very short range of LD in essential oil-bearing 
species such as E. polybractea and M. alternifolia implies that GS for oil yield in progeny derived from 
naturally sourced progenitors would require a very high density of markers across the whole 
genome, possibly to a density whereby the causative SNPs themselves are genotyped. Eucalyptus 
polybractea has an estimated genome size of 550 Mbp. Linkage disequilibrium likely decays within a 
similar distance to that observed in E. nitens and E. globulus (i.e. 100 bp) as the three species share 
similarly small geographical distributions and probably similar historical effective population sizes. 
Therefore, at least 5.5 million genome-wide markers would be required to ensure adequate coverage 
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across all regions of LD in the genome, and preferably more to increase power. Considering that 
the SNP density in E. globulus is about 1 every 31 bp (Külheim et al. 2009), obtaining 5.5 million 
genotyped markers is biologically and technically feasible using current whole genome re-
sequencing technology (though this says nothing of the cost of doing so in many individuals!), and 
could result in virtually the entire additive component of the genetic variance being accounted for 
by the markers (Daetwyler et al. 2010). 
The benefits of using whole genome SNP data for estimating genetic breeding values, as opposed 
to less dense genotyping, were demonstrated in a simulation study by Meuwissen and Goddard 
(2010). Firstly, the accuracy of prediction doubled as marker density increased from 1,000 per 
morgan to 33,000 per morgan, irrespective of whether many or few QTLs were simulated for the 
trait. Secondly, the accuracy of GEBVs is likely to hold for many more generations since the 
markers for which effects are estimated are so close to, if not actually, the causative SNPs for the 
trait. Thirdly, while reduced representation sequencing techniques such as Genotyping-by-
Sequencing (GBS) can still generate large numbers of SNPs, there is a risk of missing major QTLs, 
especially if LD is short. For example, Romay et al. (2013) used GBS for a GWAS of flowering 
time in maize and found only one marker significantly associated with the most important gene 
associated with flowering time (ZmCCT). In other words, the GBS markers almost failed to detect a 
known major QTL, even with 680k SNPs genotyped in inbred lines. The rapid LD decay in the 
region surrounding ZmCCT was cited as a reason for the near failure to detect it, and many other 
unknown QTLs would have undoubtedly gone undetected. Similarly, Myles et al. (2010) used 
reduced representation genotyping to characterize the Vitis vinifera (Grape) genome and came to the 
conclusion that due to the presence of very short LD, progress towards GWAS and GS in grape 
would require whole genome sequencing to ensure association with most functional QTLs.  
Relatedness and Training Population Size 
When the training and validation/breeding populations are closely related, much of the accuracy 
achieved with GS can come from the relatedness information carried by markers. The G-BLUP 
model, which uses markers to define a genomic relationship matrix to replace the pedigree matrix 
used in standard phenotypic BLUP, is often highly effective in this scenario (de Los Campos et al. 
2013), and can be efficiently implemented with relatively low marker density and small training 
population size. Indeed this may be a straightforward approach for GS in Hop due to its long 
history of domestication. However, many other essential oil crops are largely undomesticated and 
little genetic relatedness exists in individuals sourced from natural populations. Here, information 
due to LD becomes the dominant component of GS accuracy (Habier et al. 2007), assuming a 
model that effectively estimates marker effects of varying size is used, thus compensating for the 
lack of relationship information (Meuwissen and Goddard 2010). Consequently a higher density of 
markers is needed to ensure all relevant QTLs are detected, particularly in population with short 
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LD (see Linkage Disequilibrium and Marker Density for more detail). As marker density increases, 
a larger training population is required in order to accurately estimate additional marker effects 
(especially those of relatively small effect). In general, a larger training population results in 
increased accuracy of prediction (Zhong et al. 2009; Grattapaglia and Resende 2011; Lorenz et al. 
2011). 
Genotyping a very high density of markers has been a limitation for practical implementation of GS 
in outcrossing, undomesticated tree populations (Nakaya and Isobe 2012). Beaulieu et al. (2014) 
were one of the first to assess the accuracy of GS in a large, diverse, undomesticated population of 
outcrossing trees (White spruce Picea abies). Training and predictions were made both within and 
between half-sib families, with accuracies being significantly lower in the latter as expected, but still 
higher than that of pedigree-based models. They recommended that for the time being, for most 
tree species, GS models should be trained and used within related populations in order to obtain 
high accuracies with limited marker density. For undomesticated species this issue can be addressed 
in the short term by increasing the relatedness within the study population through an initial 
breeding phase, which reduces the effective population size and lengthens LD (see Fig 3), as 
demonstrated in Pinus taeda (Resende MFR et al. 2012) and Eucalyptus (Resende MDV et al. 2012; 
Denis and Bouvet 2013). These studies resulted in good prediction accuracy with only sparse 
marker coverage but the models are unlikely to work well in future breeding populations because 
relatedness to the training population declines rapidly per generation. In the longer term, the 
accuracy of GS can be maintained over generations by updating the model with phenotypes from 
progeny as they mature. With the decreasing cost of genotyping, GS may in future be performed 
with higher accuracy in undomesticated populations with greater allelic diversity. 
Heritability (h2) 
The accuracy of genomic selection is lower for traits with lower h2, though this can be improved if 
the training population size is increased, thereby keeping the Nh2 term of Equation 1 constant 
(Combs and Bernardo 2013). Nevertheless, for traits with low heritability, GS has been shown to 
produce equal or larger gain than PS and MAS due to the greater predictive accuracy of GEBVs 
(Heffner et al. 2010; Resende MDV et al. 2012). Thus, GS is likely to be the best method for 
artificial selection on essential oil yield, for which the all-important biomass traits are often of low 
to moderate heritability.  
The method used for the estimation of the heritability of a trait may also have an effect on the 
estimated accuracy of GS. Downwardly biased estimates of h2 may occur if genotypes are assumed 
to be independent when, in reality, they are correlated (Estaghvirou et al. 2013).Selection for 
multiple traits with GS 
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Selecting for oil yield is, in reality, selecting for multiple complex traits, or a selection index formed 
from those traits. For example, in breeding for pharmaceutical grade Eucalyptus oil an index 
comprising total oil concentration, leaf biomass, % cineole, % undesirable compounds, family 
survival rate and other traits could be used.  
Bernardo and Yu (2007) speculated that GS would outperform other methods for improving a 
selection index in maize comprising multiple traits, as there would be a large number of QTLs 
involved, many of which would be associated with traits of low heritability. This prediction was 
borne out in a yield-based index of traits in maize (Massman et al. 2013) which resulted in 
significantly increased grain yield per hectare despite little improvement in each of the component 
traits within the index.  
Three approaches may be taken for genomic selection of multiple traits: 1) estimate marker effects 
for each individual trait and then form a selection index based on the weighted GEBVs of each trait 
(Resende MDV et al. 2012); 2) estimate marker effects for the index as a trait itself. 3) Use a 
multiple-trait genomic selection model (MT-GS) when a trait with low heritability is correlated with 
another trait of high heritability (Calus and Veerkamp 2011). A full comparison of these three 
approaches to selecting for essential oil yield requires further investigation. 
Conclusion 
Selection for complex quantitative traits has presented challenges to breeders that do not arise with 
more simple Mendelian traits. In plants, molecular assisted selection using small numbers of 
significant QTL has not proven particularly effective, especially in outcrossing species with little 
prior domestication. Genomic selection, on the other hand, has shown great promise and could 
improve the breeding process in essential oil bearing crops. The highly complicated genetic 
architecture involved in oil yield traits may be most adequately detected and accounted for using 
whole genome re-sequencing and genotyping. Coupled with advanced modelling techniques, the 
gain per unit time using genomic selection could well outstrip traditional breeding practises, 
especially in perennials such as Eucalyptus, Tea Tree and Hop where the reduction in cycle time has 
the greatest impact on overall gain. 
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Introduction 
Essential oils are volatile mixtures of naturally occurring plant terpenes which occur in many plant 
families, with Myrtaceae being notably diverse (Padovan et al. 2014). Oils found in specialised 
cavities in the leaves of various Myrtaceae have a range of commercial applications, depending on 
the terpene composition, or chemotype, present in the oil. Within a genus or species there may be 
an array of such chemotypes, not all of which are commercially desirable. Melaleuca alternifolia 
(medicinal tea tree), for example, displays up to six chemotypes, with the type rich in terpinen-4-ol 
being valued for its anti-bacterial and anti-fungal properties (Keszei et al. 2010). Eucalyptus oil is 
valued primarily for the monoterpene 1,8-cineole, and is used in pharmaceuticals, cleaning products 
and as an environmentally friendly industrial solvent (Barton 1999). More recently it has been 
demonstrated that certain terpenes, such as α-pinene and limonene, can be processed into high-
energy biofuel (Harvey et al. 2010; Meylemans et al. 2012), while the major monoterpene 
constituents of tea tree oil can be used as a sustainable precursor in the fabrication of graphene 
(Jacob et al. 2015), potentially opening up new markets for myrtaceous species with chemotypes of 
the appropriate oil composition. 
Eucalyptus oil is often produced internationally as a by-product in plantations of species such as E. 
camaldulensis and E. globulus that are grown primarily for their wood, but also contain useful amounts 
of 1,8-cineole in their leaves (Coppen 2002). Annualized oil yield per hectare from such systems is 
relatively low due to the long time between harvests, which is typically between 7 and 15 years, or 
due to sub-optimal foliar oil concentration.  
For greater yields, dedicated Eucalyptus oil producers in Australia primarily grow certain “mallee” 
species (growth habit of certain eucalypt species that have multiple stems arising from an 
underground lignotuber, e.g. E. polybractea, E. kochii, E. loxophleba). These mallee species have a high 
ratio of leaf to stem, naturally high foliar oil concentration, very high 1,8-cineole content, and rapid 
harvest/regrowth cycle via coppicing (Goodger et al. 2007). Coppicing is performed every two or 
so years by mechanically harvesting all of the above-ground shoots close to the ground, after which 
the shoots re-emerge from the lignotuber. The harvested mallee is chipped and steam distilled to 
extract the volatile oils found predominantly in the leafy biomass. 
Smaller oil producers harvest directly from natural stands of mallees, while plantations are stocked 
with seedlings originating from natural stands or from open-pollinated, first-generation seed 
orchards, so resulting harvest yields are low or highly inconsistent year to year (King et al. 2004). 
Since oil mallees may be harvested and re-harvested for over 80 years (Coppen 2002), planting 
genotypes that have consistent high yields can make a great difference to long term profitability. 
Higher oil yields may also reduce barriers to environmental land care in agricultural land beset with 
dryland salinity or soil erosion by increasing the value of mallee belts planted there to combat these 
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problems (Wildy et al. 2000b; Wu et al. 2008; Bartle 2009). Furthermore, new commercial uses for 
terpenes, such as biofuels and graphene production, will require significant increases in oil yield per 
hectare to be commercially viable. 
The yield of foliar essential oil is a complex quantitative trait made-up of several component traits. 
The best yielding genotypes possess a high concentration of oil per gram of leaf biomass, high total 
leaf biomass, and oil of the right chemotype (Zhang et al. 2011) (e.g. high proportion of 1,8-cineole 
for pharmaceutical Eucalyptus oil). For oil-producing mallees, vigorous coppice regrowth, the ability 
to survive adverse environmental conditions and resistance to pathogens are also beneficial traits 
(Coppen 2002). Selecting trees from the wild on the basis of their total oil yield, however, is difficult 
due to the inability to assess the trait directly in the field. Selecting candidate trees for oil yield from 
within plantations is also problematic since several of the underlying traits cannot be observed until 
after the initial harvest, when coppice regrowth has occurred and oil yields have been assessed on 
the second crop. As a consequence, breeding programs select mostly for trees with high foliar oil 
concentration rather than yield (Doran et al. 1998). This is a sensible approach since many studies 
in mallees have shown huge natural variation in oil concentration and composition (King et al. 
2006b; King et al. 2006a; Goodger et al. 2007) with moderate to high heritability (Barton et al. 1991; 
Grant 1997; Doran et al. 2002), indicating that much of the variation is genetic rather than 
environmental. This is further supported by genetic marker studies that have found QTLs 
explaining significant amounts of the variation in oil traits (Külheim et al. 2011; Webb et al. 2014). 
The prospective improvements through selection for elite oil concentration can be appreciated 
from the successful Australian tea tree (Melaleuca alternifolia) breeding program, which since 1993 has 
seen annual yields of tea tree oil double from 150 kg ha-1 to 300 kg ha-1 (Baker et al. 2014). It has 
also been speculated that plantations of elite E. polybractea clones could potentially produce over 560 
kg ha-1 yr-1 of 1,8-cineole (Goodger et al. 2007).  
Focusing solely on oil concentration may not lead to the best yielding genotypes if other traits that 
affect yield are disregarded (Milthorpe et al. 1998), yet relatively few studies have investigated the 
combined effect of multiple traits on oil yield. Rather only certain traits have been studied, often on 
relatively small populations. Grant (1997), for example, measured oil concentration, leaf area, leafy 
biomass, and predicted oil yield in a population of 61 E. polybractea individuals. Doran et al. (1998) 
examined oil and growth traits and estimated oil yield in 32 families of E. radiata. Wildy et al. 
(2000b) assessed oil yields across several mallee species in Western Australia and found more than 
10-fold variation in yield, with much of the variation driven by biomass. Goodger et al. (2007) 
noted that few trends with respect to oil yield had been established in coppiced oil mallees, and so 
examined biomass and oil traits and their impact on oil yield across harvests, but in only twenty 
individual trees. The authors of these studies recognised that profitability hinged not only on 
selecting genotypes producing leaf with high oil concentration, but also accumulating high biomass, 
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and that non-destructive assessment is necessary for larger scale evaluation of oil yield. Additionally, 
variation in leaf area and LMA (leaf mass per unit area) have been shown to negatively correlate 
with oil concentration and plant growth rate respectively (Grant 1997; Poorter et al. 2009) and so 
may potentially affect oil yield. 
In this study we explore the components of oil yield in a commercially active progeny trial of E. 
polybractea using non-destructive estimation of biomass, oil concentration and composition. The 
progeny trial, located near West Wyalong, NSW, Australia, consists of over 60,000 individual trees 
from 40 maternal open-pollinated families, and is harvested through coppicing on a typical rotation 
of 24 months. Experimental-scale sampling of oil, leaf and biomass traits were used to predict oil 
yield in a subset of trees from each of the families in the trial, at two time points a year apart. 
Predicted biomass and oil yield per family were then contrasted with family rankings determined 
from the industrial-scale harvest of all 60,000 trees. We present the variation in oil, biomass and leaf 
traits within and between open-pollinated families, and report on the ability to predict family oil 
yield performance from just a small sample of each family. Finally, we present genetic parameters 
(heritability and genetic correlations) at both time points, estimated from variance components of 
mixed effect models. 
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Materials and Methods 
To predict oil yield per tree through non-destructive measures, we measured a range of phenotypes 
in a population of E. polybractea. We compared the predicted performance to subsequent harvest 
performance to assess the accuracy of prediction. 
Field site 
All measurements and samples were gathered from an active commercial plantation on the property 
of Eucalyptus oil grower GR Davis Pty Ltd. This property, near West Wyalong, NSW, is located at 
Lat. 33 ̊ 58’S Long. 147̊ 03’E, is at an elevation of 300 m. The region is one of three small disjunct 
areas that form the natural geographic range of E. polybractea. The region receives an annual average 
of 465 mm of rainfall, though rainfall varies widely from year to year. In July 2009 GR Davis Pty 
Ltd propagated open-pollinated families from seed of 40 phenotypically selected E. polybractea 
mother trees.  All 40 originate from within about 20 km of the trial site, with 26 sourced from the 
CSIRO Australian Tree Seed Centre, 11 from natural stands around GR Davis, and 3 from a first 
generation clonal seed orchard at GR Davis. The seedlings were used to establish two plantings: i) a 
seedling seed orchard (SSO) with 1008 trees and ii) a family yield trial (FYT) with 83,000 trees.  The 
purpose of the FYT was to assess family performance in order to inform  the progressive thinning 
of the SSO as well as to provide a source of forward selections for the next generation. The 40 
mother trees were chosen for their relatively high foliar oil concentration and high 1,8-cineole 
proportion. The progeny are the result of open-pollination, and as such there is no pedigree beyond 
the known mother trees.  
The FYT site occupies a ~23 ha (630m x 375m) area of gently undulating terrain that we 
categorised into valley, slope or rise classes. The trial is an incomplete randomized block design 
consisting of three blocks. Within blocks, each plot consists of approximately 800 open-pollinated 
trees from a single family, planted in two parallel columns separated by a 2 m corridor. A 3 m gap 
separates each family plot. Within a block each family is represented by at most one plot, with 
Block 1, Block 2 and Block 3 containing 40, 38 and 26 plots, respectively. Of the 40 families in the 
FYT, 26 families are represented by a plot in all 3 blocks, 12 families are in 2 blocks and 2 are in 
only one block  In total, approximately 63,500 trees survived initial planting (counted in 2011), 
resulting in a density of about 2640 trees ha-1.  
The first commercial harvest (Harvest 1) of the FYT took place in November 2011. Each family 
plot was coppiced, its total fresh biomass weighed, and the total oil extracted via steam distillation 
recorded as oil yield. The second harvest (Harvest 2) occurred in April 2014 at 29 months after 
Harvest 1, which is reflective of a typical duration between commercial harvests. For each 
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harvested family plot we divided the recorded biomass and oil yield by the number of trees in the 
plot to get a measure of family-level biomass and oil yield in kg tree-1. 
Harvest oil yield rankings 
We assessed the consistency of family oil yield from harvest to harvest by comparing rankings of 
the 40 families for oil yield at Harvest 1 and Harvest 2. In order to separate genetic effects from 
environmental effects we fitted a linear mixed-effect model of the form  
y = 𝐗b + 𝐙u + e       (1) 
where y is the vector of family harvest yield observations, b is the vector of fixed effects, X is the 
design matrix that relates observations to fixed (i.e. environmental) effects, u is the vector of 
random (i.e. genetic) effects, e is the vector of residual errors associated with each observation, and 
Z is the design matrix that relates observations to random genetic effects and residuals. 
The model included family biomass as a covariate and block and/or terrain as fixed effects, with 
family and seed source as random effects. Heterogeneity due to terrain differences across plots and 
blocks could be coarsely accounted for by assigning to each family plot the class of terrain that was 
most prevalent along the entire length of that plot. Due to the size and layout of the field trial it was 
likely that soil and terrain changes would cause heterogeneity in growing conditions within family 
plots (within blocks).We were unable to completely account for this since each family plot stretched 
from West to East covering a variety of terrain types.  
We fitted the model separately with Harvest 1 and Harvest 2 data using restricted maximum 
likelihood (REML) with the lme4 package (Bates et al. 2015) in R v3.1. The predicted random 
family effects, or BLUPs (Best Linear Unbiased Predictors of yield), represent adjusted family 
rankings for harvested oil yield. 
Field sampling 
In March 2013 we selected twelve trees from each of the 40 family plots in Block 1, from a 30 m 
deep region on the western side of the site, for a total of N=480. We stratified the sample to 
account for broad phenotypic variability by selecting four short, four medium and four tall trees per 
plot, with clearly visible variation in crown foliar density across the twelve. We recognised that by 
sampling all 40 families only from plots within Block 1 we would not be able to statistically account 
for the effect of local environment on family, but we were limited by the absence of many families 
in Blocks 2 and 3. 
We sampled the 480 selected trees for a variety of oil, leaf and biomass traits in March 2013 at 16 
months age (Year 1) and again in March 2014 at 28 months age (Year 2) just prior to Harvest 2. 
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Terpene extraction and analysis 
From each of the 480 individuals we collected approximately 400 mg of fresh leaf in 5 mL of 
ethanol containing 0.25 g L-1 of n-tetradecane as an internal standard, and allowed it to stand for at 
least a month at room temperature to facilitate the extraction of terpenes. To separate compounds 
in the solvent extract we used an Agilent 6890 Gas Chromatograph with an SGE BPX35 capillary 
column (35% Phenyl Polysilphenylene-siloxane, 62.5 m length, 0.25 mm diameter, 0.25 um 
stationary phase film thickness) with helium gas carrier. The BPX35 is a medium polarity column 
which often gives superior resolution for key co-eluting constituents of Eucalyptus oil (Brophy et al. 
1989). The GC program ran for 26 minutes, with an initial temperature of 100°C, followed by a 
ramp of 20°C min-1 up to 180°C and then another ramp of 20°C min-1 to 250°C. We detected 
eluting compounds using an Agilent 5973 Mass Spectrometer. 
We built a custom, parallelized pipeline based on the PyMS Python library (O'Callaghan et al. 2012) 
in order to detect, de-convolute and quantify chromatogram peaks, followed by the dynamic 
alignment of those peaks across all 480 samples using retention time and mass spectral similarity. 
We then manually curated the peak alignment matrix and putatively identified key compounds by 
mass spectra matching with the NIST MS database and comparison of retention times with 
authentic standards. We assessed the accuracy of the quantitation through comparisons with peaks 
from a subset of samples that were manually quantitated using AMDIS, and found very high 
concordance of peak areas. 
Estimating biomass 
We used a tape measure to measure the height in metres (height) of each tree as well as the East-
West crown diameter (dia1) and the North-South crown diameter (dia2) at the widest point on the 
vertical axis. Crown cross-section area (CA) was calculated as dia1 x dia2, and crown volume index 
(CVI) calculated as CA x height. We visually assessed each tree for crown leafiness density and 
assigned a nominal value from 1 (most sparse) to 4 (most dense).  
To estimate total fresh above-ground biomass per tree in kg, we applied an allometric power model 
of the form 
log(Y) =  b0 + b1 log(CVI) + log(e)      (2) 
where log(Y) is the log of standing tree biomass in green kg, b0 is the intercept, b1 is the slope, and 
e is the residual error. 
To avoid destructive sampling we used coefficients for b0 and b1 from available literature. Several 
different sets of coefficients were available. Peck et al. (2012) estimated site-specific coefficients for 
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the coppiced form of E. polybractea in Western Australia. Paul et al. (2013) estimated broader cross-
site coefficients for coppiced E. polybractea, as well as even more generic cross-site coefficients 
trained with multiple coppiced mallee species. We chose to use the most generic mallee-wide 
coefficients with the assumption that they would provide greater accuracy in our population (being 
very distant to Western Australia) than either the E. polybractea cross-site or E. polybractea site-
specific coefficients. Applying the generic mallee-wide coefficients to our CVI data we estimated 
biomass by back-transforming the logarithmic response and using a correction factor as 
recommended by Clifford et al. (2013) to account for the bias incurred in this operation. Growth 
per tree (∆BM%) was calculated at Year 2 as the percentage change in estimated biomass since Year 
1. 
We estimated the proportion of biomass attributed to leaf for each tree and used it to estimate total 
leafy biomass in kg DW. Since attempts by Peck et al. (2012) to allometrically model the 
partitioning of total biomass of coppiced E. polybractea into wood, bark, stem and leaf were highly 
inaccurate for the leaf partition (R2 = 0.07), we used an alternative method of estimating leaf 
proportion by scaling total biomass according to height and leafiness factor. Given a starting leaf 
proportion of 50%, each tree was penalised for relative height, with the tallest trees assigned a leaf 
proportion as low as 35%. Leaf proportion was further adjusted according to the field-based 
leafiness estimate (-20% for class 1, -10% for class 2, 0% for class 3, +10% for class 4). We then 
calculated total leafy biomass as: 
leafmass = (estimated biomass) × (leaf proportion) × (leaf DW %)  (3) 
where leaf DW % was calculated by weighing three fresh adult leaves per tree both before and after 
drying at 60°C for 72 h. 
Predicting oil yield 
We predicted oil yield per tree in kg as:  
predicted yield = (oil concentration)  × (leafmass)    (4) 
We did not measure the true oil yield per tree, so we could not assess the accuracy of predicted 
yield on a per tree basis. However, we know the total harvest yield per plot from Harvest 1 and 2, 
so we assessed the accuracy of predicted yield on a family yield basis. We used the median predicted 
yield of the 12 individual trees from each of the family plots of Block 1 to represent the predicted 
performance for that family. We then compared the predicted family performance to the harvest-
based family BLUPs of oil yield. 
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As a benchmark, we compared the oil yield BLUPs from Harvest 1 to the oil yield BLUPs of 
Harvest 2 to see how well the yield at the second harvest could be predicted from the yield at the 
first harvest. 
Finally, to understand whether family oil yield performance could be predicted from a linear 
combination of easily measured traits, we fit a linear model with the harvest-based family BLUPs as 
the response variable and a variety of Year 2 family-mean traits as predictors. We used AICc to 
select the model with best combination of predictors, and model accuracy was assessed with 1000 
iterations of non-parametric bootstrapping. 
Leaf traits 
In Year 2 we collected three mature leaves per tree which we subsequently weighed (both fresh and 
dry) and scanned using an HP desktop scanner. We then used ImageJ/Fiji (Schindelin et al. 2012) 
to measure area per leaf and took the mean of the three leaves as leaf area for that tree. We 
calculated Leaf Mass per Area (LMA) for each tree as the mean dry weight per leaf area (g m-2) as 
per Poorter et al. (2009) 
Estimating genetic parameters 
Linear mixed models of the form described by equation (1) were fitted where y is the vector of 
individual-tree observations on each trait, b is a vector of fixed-effect estimates including seed 
source and terrain, u is a vector of random effects including family, within-site environmental 
effects fitted as post-blocked rows running perpendicular to the direction of planting (Federer 
1998) and e is a vector of random residual effects. X and Z are incidence matrices for fixed and 
random model terms. 
Narrow-sense heritability (h2 ) for each trait at each site was estimated as: 
ℎ̂2 =  
 2.5 σ̂a
2
σ̂a
2 + σ̂e
2 
         (5) 
where ?̂?𝑎
2 is the family (additive) variance of and ?̂?𝑒
2 is the residual variance. The value of 2.5 in the 
numerator of (5) corresponds to the generally recommended coefficient of relationship used to 
account for mixed mating in eucalypts, which is expected to result in within-family relatedness 
somewhat closer than half-sib (Eldridge 1994).  
Bivariate genetic correlation estimates ( Ar ) between traits x and y were obtained from the estimated 
additive covariance and variance components as: 
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Where ?̂?𝑎𝑥𝑎𝑦 is the additive genetic covariance component between traits, and 
2
xa
and 2
ya
are the 
additive variance components for traits x and y respectively. An equation of the same general form 
as (6) was also used to estimate the genetic correlation between each trait at the two different ages 
of assessment. 
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Results 
For each of the 480 sampled trees we estimated biomass and a predicted oil yield at Year 1 and 
Year 2. We then compared the family-level means of estimated biomass and predicted oil yield to 
the actual harvested biomass and oil yield of those families to assess predictive accuracy, and also 
assessed the relationship between harvested oil yield and various field-measured traits. 
Harvest biomass and oil yield 
To understand empirical family-level performance in the field and how it changes over time and 
location, we first analysed the family-level biomass and oil yield from the harvests. Coppiced trees 
at Harvest 2 had 19% lower average biomass than the saplings at Harvest 1 (2.52 ± 0.03 kg tree-1 
versus 3.10 ± 0.06 kg tree-1, paired Student’s t-test p = 2.69 x 10-18), yet they produced 50% greater 
average oil yield (49.80 ± 0.73 g tree-1 versus 33.10 ± 0.81 g tree-1, paired Student’s t-test p = 6.54 x 
10-35). Biomass was strongly correlated with oil yield in the saplings at Harvest 1 (Pearson’s r = 0.78, 
p < 0.001), but less so in the coppiced trees at Harvest 2 (Pearson’s r = 0.43, p < 0.001). Harvest 
biomass and oil yield distribution can be viewed in supplementary Fig S1. 
Variation in biomass due to environment such as terrain-type would appear to be a major driver of 
variation in family oil yield in the saplings (Fig 1). Saplings on the slopes (S) and rises (R) 
accumulated biomass faster than those in valleys (V) (S = 3.19, R = 3.41, V = 2.54 kg tree-1; one-
way ANOVA p = 3.5 x 10-6) and produced significantly higher oil yield (S = 0.035, R = 0.035, V = 
0.025 kg tree-1; one-way ANOVA p = 1.5 x 10-6) at Harvest 1. By Harvest 2, where trees had re-
grown in coppiced-form, variance in biomass (S = 2.46, R = 2.72, V = 2.46 kg tree-1; one-way 
ANOVA p = 0.002) and oil yield (S = 0.049, R = 0.051, V = 0.050 kg tree-1; one-way ANOVA p = 
0.78) between terrain types had decreased sharply. 
Family oil yield was far from consistent from harvest to harvest, between blocks within harvests, 
and between blocks across harvests, as shown in supplementary Table S1, indicating likely 
genotype-by-environment and genotype-by-time interactions. Nevertheless, families that ranked 
highly for oil yield at Harvest 1 generally sustained their high ranking at Harvest 2. The shuffling of 
raw family oil yield ranks from Harvest 1 to Harvest 2 appeared to occur mostly for families of 
middle rankings. 
The linear mixed model (equation 1) accounted for 83% of the variation in family oil yield at 
Harvest 2 (conditional R2 = 0.83).  
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Fig 1 - Family biomass and oil yield per tree by blockand terrain type. Boxplots are composed of 
quantiles of the means of plots within each block, grouped by terrain class in which they lie. Terrain classes 
are rise (dark grey), slope (medium grey) and valley (white). 
 
Estimated biomass and growth 
We used an externally-trained allometric model to estimate biomass in all 480 trees at Year 1 and 
Year 2, and calculated family means from the 12 trees per family. Estimated biomass increased by 
an average of 75% from Year 1 (2.70 ± 0.06 kg tree-1) to Year 2 (4.74 ± 0.12 kg tree-1). Families 
with high mean estimated biomass at Year 1 generally achieved high mean estimated biomass at 
Year 2 (Spearman’s rank correlation r = 0.63), though some families saw very large rises or falls in 
biomass ranking due to differential growth rates. The microenvironment within the trial also 
impacted on growth rate in the field, with the terrain class being a significant factor (p < 0.01). 
Supplementary Table S2 provides data for all field measures at Year 1 and Year 2. 
In general we found that the family-level estimated biomass over-estimated the harvest biomass 
figures for the same plot. The mean of family-level estimated biomass at Year 2 was 4.59 ± 0.13 kg 
tree-1 but the mean harvest biomass for those same plots at Harvest 2 (one month later) was just 
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2.56 ± 0.05 kg tree-1. Family-level estimated biomass was also poorly correlated with the harvested 
biomass of the same plots. The error in estimated biomass was worse for families with low harvest 
biomass than for families with high harvest biomass. 
Oil concentration and composition 
From sampled leaf we putatively identified 55 GC peaks as terpenoids. The oil in the leaf at Year 1 
was estimated, on average, to consist of 96% monoterpenes and 4% sesquiterpenes, while at Year 2 
it was estimated as 93% monoterpenes and 7% sesquiterpenes. The most common compound was 
the monoterpene 1,8-cineole, with a mean proportion of 0.73 ± 0.01 of total oil at Year 1, and 0.68 
± 0.01 of total oil at Year 2. Other prominent monoterpenes were p-cymene, α-pinene, β-pinene, β-
phellandrene, cryptone and limonene (Table 1). 
 
Table 1 - Quantitative and proportional variation among the ten most abundant terpenes between 
year 1 and 2. Top 10 common terpenes (with measurable presence in at least half the population of 480) 
ordered by their mean proportion of total oil at Year 1. Standard deviation is in brackets, though it should be 
noted that many terpenes are not normally distributed. Terpene proportions that changed significantly (paired 
t-test) from Year 1 to Year 2 are indicated by asterix (* p < 0.05; ** p<0.01; *** p<0.001). Less common 
terpenes with >1.5% mean concentration include α-phellandrene, β-phellandrene, α-terpinyl acetate, 
calamenene and cuminal. 
 Mean Proportion of Total Oil mean conc (mg g
-1
 DW) 
Terpenoid Year 1 Year 2  r
 
(Y1, Y2) Year 1 Year 2 
1,8-Cineole 0.732 (0.181) 0.676 (0.184) *** 0.87 45.1 (20.7) 36.4 (17.3) 
p-Cymene 0.059 (0.062) 0.054 (0.055)  0.90 2.9 (2.7) 2.6 (2.8) 
β-Pinene 0.039 (0.040) 0.032 (0.036) * 0.90 2.1 (2.6) 1.7 (2.3) 
Cryptone 0.031 (0.031) 0.029 (0.031) *** 0.92 1.4 (1.3) 1.4 (1.7) 
α-Pinene 0.030 (0.029) 0.031 (0.028) * 0.89 1.7 (1.9) 1.7 (1.9) 
Limonene 0.021 (0.014) 0.023 (0.015) ** 0.70 1.4 (1.3) 1.3 (1.2) 
Caryophyllene oxide 0.020 (0.023) 0.022 (0.020) *** 0.86 1.0 (1.1) 1.1 (1.1) 
Sabinene 0.015 (0.014) 0.016 (0.016) ** 0.52 1.2 (1.5) 1.0 (1.2) 
Terpinen-4-ol 0.011 (0.006) 0.011 (0.006)  0.76 0.6 (0.3) 0.6 (0.4) 
α-Terpineol 0.008 (0.007) 0.008 (0.008)  0.66 0.6 (0.7) 0.4 (0.5) 
 
 
Total oil concentration, as a percentage of dry weight (DW), was higher in Year 1 than Year 2. Oil 
concentration was approximately normally distributed (Shapiro-Wilks test; p < 0.001) with a right 
skew towards a few outlier individuals with extremely high oil concentration. The proportion of 
total oil that is comprised of 1,8-cineole, on the other hand, showed a distinct bimodal distribution 
(Fig 2) ranging from as low as 0.08 to as high as 0.98 in some individuals.  
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Fig 2 – Distribution of 1,8 cineole proportion. A) Density plot of 1, 8-cineole proportion in 480 
individuals at Year 1 (black) and Year 2 (grey). B) distribution of 1,8-cineole proportion by seed source. C) 
Density plot of cineole proportion by terrain type (R = rise, S = slope, V = valley) at Year 2. 
 
We found that total oil concentration was only moderately correlated between Year 1 and Year 2 
(Pearson’s r = 0.49), though 1,8-cineole proportion was far more conserved (Pearson’s r = 0.87).  
A slightly negative correlation was found between oil concentration and estimated biomass (r = -
0.17, p < 0.001) at the individual level but not at the family level, while no significant correlation 
was found between oil concentration and estimated growth (i.e. the percent change in estimated 
biomass from year 1 to year 2). 
Leaf traits 
Leaf area and LMA were measured at Year 2 only. Leaf area distribution was skewed towards 
smaller leaves of less than 1000 mm2. Smaller leaves tended to have higher oil and 1,8-cineole 
concentrations than larger leaves (Fig 3). In fact, of the top 10% of individuals by leaf area, 85% 
were below average for oil concentration. Leaf area was positively correlated with all biomass traits. 
We found no significant correlation between LMA and oil concentration, or between LMA and 
estimated biomass. There was a significantly negative relationship between LMA and growth rate (r 
= -0.30, p < 0.001). Supplementary Fig S2 shows that at Year 2 individual leafiness and 1,8-cineole 
proportion were slightly but significantly correlated (r = 0.14, p = 0.002). 
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Fig 3 – relationship between oil and leaf traits. Plots A and B show tegression of oil concentration (mg g-1 
DW) versus leaf area,plots C and D show regression of 1,8-cineole proportion versus leaf area at individual 
level (left) and family level (right). Each point is measured at Year 2. Families IDs are numbered. 
 
Predicted oil yield 
The BLUPs for oil yield at Harvest 1 had a Spearman’s rank correlation of r = 0.78 with the BLUPs 
for oil yield at Harvest 2, providing a benchmark for predicting oil yield performance at Harvest 
2.We used the measured foliar oil concentration and the estimate of dry leaf mass to obtain a direct 
prediction of oil yield for each of the 480 trees sampled from the 40 plots of Block 1. At Year 1 the 
mean predicted yield was 34 g tree-1, and this increased to 57 g tree-1 at Year 2. The distribution of 
family-level predicted yield at Year 2 (mean = 53.7 g tree-1, sd = 14.9) was superficially similar to 
actual oil yield at Harvest 2 for the same plots (mean = 51.3 g tree-1, sd = 8.4). Predicted family oil 
yield rankings at Year 1 were not an accurate representation of the future yield BLUP rankings at 
Harvest 2 (spearman’s r = 0.40). The predicted family oil yield rankings at Year 2 were much more 
similar to the yield BLUPs at Harvest 2 (spearman’s r = 0.74) (Fig 4). 
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Fig 4 – Harvest 2 oil yield versus predicted oil yield. Plots show regression of Harvest 2 family oil yield 
BLUPs on predicted family oil yield at A) Year 1 and B) Year 2. Families are numbered and shaded in each 
panel according to their mean oil concentration. Darker shading reflects higher foliar oil concentration. 
 
The best linear model for Harvest 2 yield BLUPs, as selected by AICc, included five Year 2 traits as 
predictors (Fig 6). The model was significant (p < 0.001) with adjusted R2 = 0.45 ± 0.12, and the 
predicted response was well correlated with the true BLUPs (r = 0.72). Each included predictor had 
a positive effect on yield BLUP, except for height. An alternative model that replaced CA and 
height with just CVI (i.e. CA x height) had a worse AICc score (∆ AICc = +7.5) and worse fit 
(adjusted R2 = 0.31). Though height and CA are significant predictors, CVI is not because height 
has a negative effect on yield that neutralises much of the effect of the crown area (supplementary 
Fig S3). 
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Trait contributions to oil yield 
For most traits, the rank correlation with Harvest 2 BLUPs improved from Year 1 to Year 2 as the 
coppice regrowth matured and became more representative of the actual Harvest 2 material (Fig 5). 
Oil concentration and cineole proportion were more correlated with harvest yield than any biomass 
trait except for crown cross-sectional area (CA) at Year 2. 
 
 
Fig 5 - Spearman rank correlations of family-level non-destructive traits with Harvest 2 oil yield 
BLUPs. Y1 = Year 1, Y2 = Year 2. The rank correlation between Harvest 1 oil yield BLUPs and Harvest 2 
oil yield BLUPs is included for comparison on the far right. Predicted oil yields are shaded in darker grey and 
the Harvest 1 oil yield rankings are shaded in black as the benchmark for predictive ability. 
 
Hierarchical clustering of the families using the five linear model traits, plus leafiness and leaf area, 
resulted in fairly accurate groups of very low and very high yielding families, but less well-defined 
clusters distinguishing between families with intermediate yield (Fig 7A). The first three principal 
components from PCA of the seven traits explained 70% of the variation in the data. PC1 is 
dominated by oil concentration, 1,8-cineole and leaf area, and PC2 is dominated by crown measures 
(Fig 7C). On the bi-plot (Fig 7B) most families align along an axis between PC1 and PC2, with a 
rough gradient from very low to very high oil yield BLUP values due to the influence of oil 
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concentration and crown diameter traits. However, several depart this trend (e.g. top left quadrant), 
due primarily to large leaf area and/or low 1,8-cineole. 
 
Fig 6 - Linear model of oil yield components. A) Regression of the fitted oil yield BLUPs values from the 
model on the empirical Harvest 2 oil yield BLUPs. B) Coefficients of predictors of the linear model. 
Significance level is given by:  < 0.001 ‘***’; 0.001 ‘**’; 0.01 ‘*’; 0.05 ‘.’; 0.1 ‘ ’. For the overall model: F-
statistic = 7.388 on 5 and 34 DF, p < 0.001, adjusted R2 = 0.45, S.E = 0.12. 
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Fig 7 (previous page) - Analysis of traits that influence oil yield: A) heatmap of seven traits. Rows 
represent families and are hierarchically clustered by Euclidean distance using the Ward algorithm. Green box 
annotations on the left indicate a binned value of predicted oil yield and also Harvest 2 oil yield BLUPs for 
each family from very low (lightest) to very high (darkest). B) Bi-plot of first two PCs from PCA of the 
dataset. Coloured ellipses represent 90% confidence for clustering into the four binned Harvest 2 oil yield 
BLUPs values. C) PC loadings. The largest two loadings to each principal component are highlighted in bold. 
 
 
While many high yielding families had high oil concentration, this wasn’t always the case. Some 
families with mediocre oil concentration produced very high oil yield due to above average crown 
dimensions and leafiness (see Fig 7, families 40, 36, 31). On the other hand, some families with very 
high oil concentration and reasonable leafiness produced only mediocre oil yield due to small crown 
dimension which limited their total leafy biomass (Fig 7A cluster K6). Families of compact, 
extremely leafy form (Fig 7 families 31,33) may perform better than those of a larger but sparser 
form (Fig 7 families 20,25), irrespective of the much higher oil concentration in the latter. Indeed, 
only two families with below average leafiness density ended up producing a reasonably high yield 
(Fig 7 families 18,19). 
Genetic parameters 
The estimated heritability for most traits increased from Year 1 to Year 2 as coppice growth 
matured, though predicted yield remained steady at h2=0.12. 1,8-Cineole proportion and oil 
concentration were moderately to strongly heritable at Year 2 (Table 2). Biomass traits showed 
generally low to very low heritability with large standard error. Seed source was also a significant 
component of genetic variance for CVI and estimated biomass at Year 1, indicating some broader 
genetic variation within the overall population. At Year 2 the heritability of estimated growth was 
moderate (h2=0.28), while heritability of leaf area (h2 = 0.55) and LMA (h2 = 0.34) were moderate-
high.  
Genetic correlation between oil concentration and some biomass traits (height, CVI, estimated 
biomass) could not be estimated as the estimate of additive variance of these traits was 
approximately zero (Table 3). There was no significant genetic correlation between leafiness and oil 
traits, but leaf area was significantly correlated with oil concentration at both Year 1 and Year 2, 
and with 1,8-cineole proportion at Year 2. 1,8-Cineole proportion and predicted oil yield were 
strongly genetically correlated (0.34 at Year 1, 0.65 at Year 2), even though 1,8-cineole proportion 
was not used as a factor in the yield prediction. 
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Year 1 
Variance LF HT CA CVI BM OC YLD.P CIN 
VAR A 0.027 32 166041 5.29 x10
-7
 3.66 x10
-7
 31 2.25 x10
-5
 0.0048 
VAR e 0.558 1703 3.46 x10
7
 2.25   1.79 437 0 0.03 
CVA % 6.0 3.5 2.5 0 0 9.2 13.8 9.4 
r 2.5 2.5 2.5 2.5 2.5 2.5 2.5 2.5 
h
2
 0.11 0.05 0.01 0 0 0.17 0.12 0.40 
h
2
 se 0.07 0.06 0.05 0 0 0.08 0.08 0.12 
F probabilities for fixed effects            
postblock 0.921 0.004 0.099 0.038 0.042 0.582 0.06 0.155 
terrain 0.034 0.555 0.208 0.722 0.702 0.242 0.06 0.094 
source 0.046 0.446 0.043 0.045 0.048 0.057 0.165 0.414 
 
Table 2 - Variance components and heritability of traits related to oil yield across two years. Variance 
components (VAR A, VAR e), coefficient of additive genetic variation (CVA) and narrow-sense heritability 
(h2) of traits measured at Year 1 and Year 2. LF = leafiness, HT = height, CA = crown area, BM = estimated 
biomass, OC = oil concentration, YLD.P = predicted oil yield, CIN = 1,8-cineole proportion, LA = leaf area, 
∆CVI =  change in CVI from Year 1 to Year 2, ∆BM% = percent change in estimated biomass from Year 1 
to Year 2. 
  
Year 2 
Variance LMA LA LF HT CA CVI BM OC YLD.P CIN   ∆ CVI ∆BM% 
VAR A 94 16262 0.032 170 27.27 2.7 x10
-6
 1.4 x10
-6
 33 5.95 x10
-5
 0.0064 0.056 208 
VAR e 601 57956 0.54 3536 8.3 x10
7
 8.83 6.24 205 0 0.03 3.02 1665 
CVA % 3.3 14.6 6.3 5.9 2.4 0 0 10.8 13.5 11.9 9.8 19.2 
r 2.5 2.5 2.5 2.5 2.5 2.5 2.5 2.5 2.5 2.5 2.5 2.5 
h
2
 0.34 0.55 0.14 0.11 0.00 0 0 0.35 0.12 0.50 0.05 0.28 
h
2
 se 0.11 0.14 0.08 0.07 0.00 0 0 0.11 0.08 0.13 0.06 0.1 
F probabilities for fixed effects                   
postblock <.001    <.001  0.338 <.001  0.033 0.001 0.002 0.308 0.021 0.536 <.001   <.001 
terrain 0.388 0.085 0.632 0.987 0.037 0.189 0.173 0.767 0.398 0.037 0.013 <.001 
source 0.879 0.247 0.269 0.627 0.062 0.211 0.216 0.224 0.171 0.423 0.576 0.863 
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Discussion 
Eucalyptus oil producing mallees are typically selected for high foliar oil concentration and desirable 
oil composition as these are usually moderate to highly heritable. Selecting for elite oil 
concentration has been highly successful in tea tree (Baker et al. 2014) and in E. radiata (Doran et al. 
1998). Other traits, such as total leafy biomass and coppice regrowth rate are recognised as very 
important, but biomass-related traits are usually of lower heritability and less predictable. 
Nevertheless, incorporating them into selection efforts may provide further means to increase yield 
per hectare (Zhang et al. 2011). We investigated a suite of traits in E. polybractea, including crown 
form and leaf traits, which affect oil yield performance. Our approach here determined key factors 
for the prediction of oil yield that will allow breeders of essential oil producing species a more 
holistic approach to selecting germplasm. 
Our analysis of multiple traits (Fig 7) generally supports the common strategy of selection for oil 
concentration, as many of the highest oil yielding families also have high oil concentration. 
However there appears to be several avenues by which a family can achieve very high or very low 
oil yield, and oil concentration is clearly not the only driver. Both leafiness density and crown form, 
measured here by cross-sectional area (CA), are important factors for determining oil yield, and 
poor performance for either one can ‘over-ride’ good performance for oil concentration. Sparse 
leafiness inevitably results in reduced leafy biomass, regardless of crown dimensions, which in turn 
results in low oil yield, even in cases of very high oil concentration (Fig 7A families 20 and 22). 
Small crown area, too, usually results in reduced leafy biomass as it is typically indicative if a small 
crown volume. However, some families with small crown area do attain reasonably large overall 
crown volume through aggressive vertical growth, but the resultant tree-like form appears to be 
detrimental to oil concentration and overall oil yield (Fig 7A cluster K1), probably due to greater 
allometric partitioning towards stem and wood growth (Peck et al. 2012) rather than leaf. The 
upshot of this is that above ground shoot biomass accumulation, while an indicator of growth 
(Wildy et al. 2000a), does not appear to be a reliable indicator of oil yield since it doesn’t capture the 
form of the crown which is more important. 
Doran and Matheson (1994) similarly reported a negative correlation between height and oil yield in 
E. camaldulensis. They further found that stem diameter is moderately to highly genetically correlated 
with both crown surface area and leafiness in E. camaldulensis. A measure of multi-stemmed 
diameter in coppiced mallees may be a more useful trait for crown form selection than crown area, 
height and leafiness used here. 
From our data, the optimal set of traits for high oil yield appears to be high leafiness density, large 
crown area (as opposed to height), coupled with above average oil concentration (e.g. Fig 7A 
families 37, 32, 2, 8, 6). Height (h2=0.11) and leafiness density (h2=0.14) showed a low but not 
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insignificant heritability, albeit with a large standard error (Table 2), together with low-moderate 
coefficient of variation (26.1 – 28.4% and 26.3 – 28.2%, respectively). Nevertheless, they could 
potentially be incorporated into breeding programs via selection at the family level. The genetic 
architecture of these biomass traits is likely to be highly quantitative in nature, so genomic selection 
(which takes into account the effects of all loci across the genome) would provide the best prospect 
for achieving accurate estimation of breeding values (Kainer et al. 2015). 
 
Table 3 Genetic correlations of traits related to oil yield. Genetic correlations (rA) of field traits at the 
individual tree level. Values marked with * are significant (test of |Z| > 2, where Z =  rA / SE ). NC = not 
converged. LF = leafiness, OC = oil concentration, YLD.P = predicted oil yield, CIN = cineole 
concentration, LMA = leaf mass area, LA = leaf area, HT = height, ∆BM% = percent change in estimated 
biomass from Year 1 to Year 2 
    Year 1 Year 2   
  rA LF OC YLD.P CIN LMA LA LF HT OC YLD.P CIN ∆BM% 
Year 
1 
LF X 0.06 0.73 * 0.33 -0.1 -0.4 0.35 -0.48 0.65 * 0.85 * 0.21 -0.09 
OC   X 0.86 * 0.23 -0.1 -0.47 * -0.5 -0.18 0.66 * 0.22 0.12 -0.09 
YLD.P     X 0.34 0.18 -0.78 * -0.4 -0.48 0.64 * NC 0.3 -0.28 
CIN       X 0 0.18 0.33 0.07 0.4 0.72 * 0.95 * 0.42 
Year 
2 
LMA         X 0.26 -0.4 0.63 -0.2 -0.03 0.35 -0.18 
LA           X -0.1 0.42 -0.72 * -0.03 -0.54 * -0.1 
LF             X -1 0.28 0.45 0.16 0.05 
HT               X -0.57 -0.78 0.33 -0.78 
OC                 X 0.90 * 0.2 0.17 
YLD.P                   X 0.65 * 0 
CIN                     X 0.41 
  ∆BM%                       X 
 
Leaf Area 
Individuals and families with larger leaves tended to have significantly less oil and lower proportion 
of 1,8-cineole in the oil, in agreement with findings from previous studies in much smaller 
populations of E. polybractea (Grant 1997; King et al. 2006a). Despite family leaf area being 
significantly negatively correlated with yield BLUPs (Fig 5), it was not significant when included in 
the linear model for yield, possibly due to collinearity with 1,8-cineole proportion and oil 
concentration. 
The inclusion of leaf area in our hierarchical clustering and PCA (Fig 7) revealed one set of families 
clustered separately due to large leaf area and poor 1,8-cineole concentration, as also seen in Fig 3. 
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Byrne et al. (1997) detected two leaf area QTLs of large effect in E. nitens, so it possible that the leaf 
area variance in our E. polybractea population simply reflects the presence of lower frequency alleles 
of large effect in the maternal seed source (Grattapaglia and Kirst 2008). Alternatively, E. polybractea 
is thought to hybridise with closely related species in the region, such as E. viridis (Mude 1995), 
which generally contains lower 1,8-cineole proportion than E. polybractea. It is possible that these 
exceptionally large-leafed families contain a number of such hybrids. Doran et al. (1998) noted that 
certain E. radiata families contained individuals that possessed noticeably larger leaves with lower 
than average oil concentration, and postulated that hybridization may be the cause. Either way, leaf 
area shows high heritability and moderate coefficient of variation, so would appear to be a useful 
trait for selection, if only for culling individuals at the upper end of the distribution. 
Estimated Biomass and growth 
Allometric biomass was considerably overestimated at the family level and was poorly correlated 
with the harvested biomass for the same plots. The error in the estimated biomass was worse for 
families with low harvested biomass than for families with high harvested biomass, which indicates 
that the generic mallee model based on CVI (Paul et al. 2013) may be inadequately trained for 
coppiced mallees of small size, at least with respect to the environment in this study. Biomass in 
mallee rows can vary by 50% or more over very short distances (Peck et al. 2012), which makes 
small scale sampling particularly prone to error. We sampled only 12 trees per family entirely at the 
western side of the site, so the sampled variance was unlikely to be representative of the true 
variance within the family plots stretching from west to east. Another source of bias may be from 
differences between our CVI measurement technique and that of the authors of the allometric 
model. 
Post-coppice growth is a critical trait for oil mallee crops since oil yield is strongly contingent on 
rapid accumulation of leafy biomass within each harvest cycle. Shorter harvest cycles could 
potentially increase annualised yields if fast-growing genotypes are used. It has been observed, 
however, that persistent harvesting in very short cycles (e.g. 1 year) results in diminishing returns as 
the mallees are unable to completely recover lignotuber mass between harvests (Milthorpe et al. 
1998; Wildy and Pate 2002). The low but significant heritability of percentage growth in estimated 
biomass from year one to year two (h2=0.28) here suggests that there is a level of genetic control of 
growth rate in the second year after coppicing (Table 2) and the relatively high coefficient of 
variation (62.5%) reported in supplementary Table S2 also suggests that selection for this trait may 
produce large gains in yield at Year 2. Therefore there may indeed be genotypes more suited to 
short-cycle harvesting, though assessment of crown form is crucial to ensure selection for rapid 
growth in leaf biomass rather than woody stem. 
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Predicted yield is more accurate than oil concentration 
Though oil concentration appears to be somewhat stable between successive harvests, on its own it 
is not a reliable indicator of actual family oil yield performance in the field due to the influence of 
other factors. The yield of a family at one harvest was the strongest indicator of its yield at the next 
harvest, particularly when environment can be accounted for to an extent, as demonstrated by the 
strong rank correlation of BLUPs between Harvest 1 and Harvest 2 (r = 0.78, Fig 5). The predicted 
family oil yield using non-destructively measured traits two years after coppicing had almost the 
same accuracy for predicting Harvest 2 BLUPs, demonstrating that non-destructive measures in 
coppiced mallees can be used to predict oil yield performance more accurately than oil 
concentration alone. The yield prediction was accurate despite the poor method of biomass 
estimation, indicating that the inaccuracy of the allometric biomass estimation may be due more to 
bias than error. 
Our predicted oil yields for the 480 trees are in a very similar range and distribution to oil yields 
reported by Grant (1997), who destructively measured biomass in 61 E. polybractea saplings of a 
similar age in the same region. Both studies found that most of the variation in predicted oil yield 
was within-family rather than between-family, but certain families were clearly superior to others. 
Heritability, while low, held steady at h2=0.12 across the two years of the study, and the trait had a 
large coefficient of variation. With improvements to the prediction methodology, particularly for 
the estimation of leafy biomass, predicted oil yield may increase its accuracy and be directly 
selectable. 
Finally, the linear model containing just five easily measured field traits as predictors accounted for 
45% of the variance in Harvest 2 oil yield BLUPs. It remains to be seen if this model and 
coefficients would be a reliable predictor of yield BLUPs in future harvests of the same families, or 
if retraining is needed to adjust for continuing Genotype x Environment and Genotype x Time 
effects. 
Bi-modal distribution of 1,8-cineole 
We found a distinctive bi-modal distribution of 1,8-cineole proportion across the 480 trees of this 
population. A very large number of studies have investigated oil composition in a range of 
eucalypts, including many in E. polybractea, but few have reported the distribution of 1,8-cineole in a 
large sample size of un-selected individuals, so comparison is difficult. A study by Scora et al. (1976) 
in citrus oil presented a similar bimodal distribution of cineole proportion, with peaks at 0.65% and 
1.30% of total oil, albeit in a small population (n=58). Coppen (2003), on the other hand, showed a 
single mode distribution of 1,8-cineole proportion in a West Wyalong population of E. polybractea. 
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The bi-modal pattern seems to be fairly independent of either provenance or the terrain in which 
the trees are grown (Fig 2 B,C), suggesting a simple underlying genetic architecture. We offer two 
possible explanations for this distribution: i) copy-number variation of the cineole synthase gene or 
ii) allelic differentiation in a key regulatory element for the expression of 1,8-cineole. This genetic 
variation could be present within E. polybractea as a species, or provide further evidence of 
hybridization between E. polybractea and other mallee species local to the West Wyalong region that 
possess lower amounts of 1,8-cineole. 1,8-Cineole proportion and leaf area were strongly correlated 
and there appears to be a disjunction whereby families with large leaf area have a different (and 
lower) distribution of 1,8-cineole than families with small leaf area (Fig 3 B,D). This would support 
the hybrid theory unless there is a physiological impact of 1,8-cineole proportion on leaf area. 
1,8-Cineole may influence leafiness 
Most high yielding families also produced oil with a higher than average proportion of 1,8-cineole, 
but the reason for this is not clear. While there was a strongly positive genetic correlation between 
1,8-cineole proportion and predicted oil yield, there was no significant genetic correlation between 
1,8-cineole proportion and oil concentration. High 1,8-cineole proportion may, however, improve 
oil yield by enabling accumulation of leafy biomass, or perhaps by preventing loss of foliage to 
herbivory and pathogens (Batish et al. 2008). The small, yet significant, phenotypic correlation 
between cineole proportion and leafiness (supplementary Fig S2) provides tentative evidence that 
this may be the case. 
Variation in oil composition may present new opportunities 
Monoterpenes such as α-pinene, β-pinene and limonene can be dimerized by a catalyst to produce 
very high energy jet fuels (Harvey et al. 2010; Meylemans et al. 2012), potentially opening up a new 
market for mallees with the right oil profiles. Certain individuals in this population are high yielding 
but with a low 1,8-cineole oil and are therefore undesirable from the perspective of pharmaceutical 
Eucalyptus oil. The paucity of 1,8-cineole is typically replaced by other monoterpenes such as α-
pinene, β-pinene, limonene and phellandrenes, as demonstrated in supplementary Fig S4. These 
‘chemotypes’ may be useful genetic stock for the establishment of renewable biofuel producing 
plantations that supply both biomass-based (Shepherd et al. 2011) and terpene-based fuel. 
Conclusions 
In this study we used field measures of foliar oil concentration, tree crown and leaf traits to predict 
oil yield in a large population of Eucalyptus oil mallees and assessed the traits that affect oil yield. 
There are several avenues for a mallee to achieve high or low oil yield due to the interplay between 
sub-components of yield. High oil concentration does not always result in high yield, while average 
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oil concentration can still result in high yield due to the crown form and leafiness density of the 
tree. Excessive vertical growth has a negative effect on oil yield, while large crown area is desirable. 
We found that family-level oil yield can be predicted with moderate accuracy using non-destructive 
methods. Our method for predicting oil yield in each individual tree resulted in family rankings that 
correlated well with the future harvest BLUPs, and were bettered only narrowly by the BLUP 
rankings from the previous harvest.  We recognise that there are many potential improvements that 
could increase predictive accuracy without significantly increasing the work load of phenotyping. 
For each family, sampling trees from multiple family plots across blocks would allow the field-
based predictions of oil yield to be better adjusted for environmental effects. A greater amount of 
fresh leaf can be collected, weighed and dried to more accurately estimate foliar dry weight 
percentage. Individual tree biomass estimates could potentially be improved by using a multi-stem 
DBH measure rather than CVI as input to an allometric model. Simply counting the number of 
main stems in each tree would give an indication of the stem:leaf ratio, which would inform the 
estimation of leafy biomass. These improvements could enable breeders to select families directly 
for oil yield with non-destructive methods. 
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Supplementary Materials 
Table S1 - Spearman’s rank correlations of family(plot) oil yield between blocks within each harvest (Left and Top 
sections) and between blocks across harvests (Bottom Right section). Rankings are based on raw plot yields 
unadjusted for environmental effects. 
     Harvest 1 
    1 1.00 - - 
    2 0.50 1.00 - 
    3 0.08 0.46 1.00 
 1 2 3 block 1 2 3 
 
Harvest 2 
1.00 0.62 0.11 1 0.49 0.41 0.18 
- 1.00 0.48 2 0.61 0.49 0.13 
- - 1.00 3 0.34 0.16 0.31 
 
Table S2 - Field-based trait measures. sd = standard deviation. cv = coefficient of variation (%). * distribution is 
truncated or non-normal 
  Individual Trees (n=480)  Family medians (n=40) 
Trait Measure Year 1 Year 2  Year 1 Year 2 
oil conc (mg g
-1
 DW) mean (sd) 60.6 (22.4) 53.5 (16.0)  57.6 (9.2) 52.1 (7.6) 
 range 14.7 – 175.9  17.3 – 147.0  38.8 – 74.9 39.3 – 67.1 
 cv 37.0 29.9  16.0 14.6 
cineole proportion  mean (sd) 0.73 (0.18) 0.68 (0.18)  0.76 (0.11) 0.69 (0.13) 
 range 0.08 – 0.97 0.08 – 0.98  0.48 – 0.90 0.41 – 0.86 
 cv 24.7 26.5  14.5 18.8 
monoterpene proportion mean (sd) 0.96 (0.06) 0.93 (0.06)  0.97 (0.02) 0.93 (0.04) 
 range 0.49 – 1.00 0.62 – 1.00  0.92 – 1.00 0.84 – 0.99 
 cv 6.3 6.5  2.1 4.3 
CVI (m
3
) mean (sd) 2.80 (1.51) 5.21 (3.20)  2.65 (0.47) 4.95 (0.99) 
 range 0.08 – 7.74 0.16 – 20.03  1.57 – 3.75 3.17 – 7.63 
 cv 53.9 61.4  17.7 20.0 
biomest (kg FW) * mean (sd) 2.70 (1.34) 4.74 (2.67)  2.60 (0.42) 4.59 (0.84) 
 range 0.11 – 6.99 0.20 – 16.41  1.62 – 3.97 3.07 – 6.83 
 cv 49.6 56.3  16.2 18.3 
leaf area (mm
2
) mean (sd) - 879 (286)  - 849 (173) 
 range - 340 - 1932  - 610 - 1232 
 cv - 32.5  - 20.4 
LMA mean (sd) - 294 (27)  - 292 (12) 
 range - 213 - 387  - 265 – 315 
 cv - 9.2  - 4.1 
leafiness mean (sd) 2.73 (0.77) 2.85 (0.75)  2.73 (0.30) 2.85 (0.28) 
 range 1 – 4 1 – 4  2.00 – 3.33 2.33 – 3.42 
 cv 28.2 26.3  11.0 9.8 
height (m) mean (sd) 1.61 (0.42) 2.22 (0.63)  1.63 (0.14) 2.23 (0.25) 
 range 0.60 – 2.65 0.55 – 3.90  1.38 – 1.97 1.73 – 2.70 
 cv 26.1 28.4  8.6 11.2 
GRW.biomest (%) mean (sd) - 75 (47)  - 73 (22) 
 range - -81 – 365  - 28 – 119 
 cv - 62.7  - 30.1 
yieldpred * mean (sd) 34 (22) 53 (34)  31 (8) 49 (15) 
 range 1 - 138  1 - 218  16 - 48 29 - 100 
 cv 64.7 64.2  25.8 30.6 
Chapter 2 
 
85 
 
Table S3 - correlations between traits and Harvest 2 oil yield BLUPs. 
Trait Timepoint r (Pearson) sig r (Spearman) sig 
Leaf Area Year 2 -0.39 * -0.41 ** 
Height Year 2 -0.20 
 
-0.12 
 Height Year 1 -0.2 
 
-0.1 
 CVI Year 1 -0.05 
 
-0.07 
 LeafDW Year 1 -0.03 
 
-0.02 
 LMA Year 2 0.06 
 
-0.01 
 CA Year 1 -0.03 
 
-0.01 
 CVI Year 2 0.1 
 
0.18 
 Leafiness Year 1 0.25 
 
0.24 
 LeafDW % Year 2 0.36 * 0.27 
 Leafiness Year 2 0.28 
 
0.36 * 
Oil Conc Year 1 0.5 ** 0.39 ** 
Cineole Prop Year 2 0.45 ** 0.4 * 
Yieldpred Year 1 0.36 * 0.4 * 
CA Year 2 0.39 * 0.45 ** 
Oil Concentration Year 2 0.43 ** 0.51 ** 
Cineole Prop Year 1 0.57 *** 0.55 *** 
Yieldpred Year 2 0.63 *** 0.74 *** 
YieldBLUP Harvest 1 0.84 *** 0.78 *** 
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Fig S1 - Scatterplot of harvested oil yield and biomass for each of the 104 plots in the family yield trial. Pink 
= Harvest 1, blue = Harvest 2. The marginal plots show the distribution of oil yield (right) and biomass (top) at the 
two harvests. 
 
 
Fig S2 - Effect of 1,8-cineole proportion on leafiness at Year 1 (left) and Year 2 (right). Leafier trees appear to 
have slightly higher proportion of 1,8-cineole in their oil. 
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Fig S3 - Effect of crown form on oil yield ranking. Linear regressions demonstrating the opposing effects of 
Crown Area (CA) and Height on harvested oil yield ranking (yieldBLUP), and neutral effect of CVI, where CVI = CA 
x Height. 
 
 
Fig S4 -proportion of total oil occupied by 1,8-cineole, monoterpenes and sesquiterpenes in leaf from each 
of the 480 trees, ordered by 1,8-cineole proportion. Data is from Year 2. Bars that extend beyond 1.0 demonstrate 
small error in the assignment of chromatogram peaks to terpene classes. 
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Introduction 
Essential oil found in the leaves of Myrtaceous species consists mostly of a large variety of 
terpenoid compounds stored in specialised sub-epidermic secretory cavities. There are tens of 
thousands of terpenoids including the monoterpenes (C10) and sesquiterpenes (C15) found in 
essential oils, as well as less volatile di- (C20), tri- (C30), tetra- (C40) and larger terpene chains. Many 
terpenoids are classified as secondary metabolites, while others (e.g. carotenoids, sterols, gibberilic 
acid and ubiquinone) have key roles in primary metabolism. The presence and amount of specific 
terpenes in essential oil varies widely between and within species, and it is the dominant terpenes 
that give extracted oil its commercial value. For example, oil with a high proportion of 1,8-cineole, 
as often found in the leaves of Eucalyptus polybractea and E. loxophleba, is desirable for Eucalyptus oil, 
which is used pharmaceuticals, cleaning products and as industrial solvents. Another essential oil 
derived from eucalypts is lemon-scented oil, produced from Corymbia citriodora, which is rich in 
citronellal. For the production of advanced renewable biofuels, the monoterpenes α-pinene, β-
pinene, camphene and limonene are useful (Mewalal et al. 2016), and may be sourced from many 
species. 
The amount of essential oil and the profile of that oil vary widely within and between different 
Eucalyptus species (Padovan et al. 2014). Since many commercial oil-producing species are largely 
undomesticated, this natural variation affects the consistency of harvested oil yield, or more 
specifically, the yield of key valuable terpenes. To improve oil yield for a given commercial purpose 
one must improve the foliar oil concentration, the leafy biomass accumulation per tree, and/or 
ensure that the oil composition is dominated by the monoterpenes of interest (Kainer et al. 2017). 
Foliar oil concentration (the proportion of total leaf mass that is oil) is often the primary trait for 
selection of parental material in essential oil plantations. Since the oil is extracted from specialised 
cavities, oil concentration is essentially a combination of a plant’s capacity to produce terpenes and 
subsequently to store them, making it a complex, quantitative trait. The oil concentration of any 
individual eucalypt may be influenced by a vast array of factors under genetic control, including: i) 
the efficiency of terpene biosynthesis; ii) the total volume of storage capacity in the oil cavities; and 
iii) the ability of a plant to transport and store terpenes in those oil cavities. These factors are 
further modulated by stress response and photosynthetic capacity.   
The biochemical pathways for terpene biosynthesis are well known - they are present in all plants - 
and have been studied in several model species and plant families (reviewed by Lichtenthaler 
(1999), Lange et al. (2000), Keszei et al. (2008), Vranova et al. (2013)). All terpenes are derived from 
the C5 precursor isopentenyl diphosphate (IPP) and its isomer dimethylallyl diphosphate (DMAPP), 
which are synthesised in two spatially separate pathways in plants (Lange et al. 2000). The 
methylerythritol phosphate (MEP) pathway, situated in the chloroplast, produces IPP and DMAPP 
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from pyruvate and glyceraldehyde-3-phosphate (G3P) precursors via a series of seven catalytic 
enzymes. The mevalonate (MVA) pathway, situated in the cytosol, produces IPP from acetyl-CoA 
precursors, some of which is converted to DMAPP via the isopentenyl diphosphate isomerase 
(IPPI) enzyme. Downstream, the IPP and DMAPP are condensed into prenyl-diphosphates (GPP, 
GGPP, FPP) that are the immediate substrates for terpene synthesis. In the chloroplast, terpene 
synthase enzymes produce monoterpenes, diterpenes and tetraterpenes, while in the cytosol they 
produce sesquiterpenes and triterpenes. Eucalypts are known to possess the largest diversity of tps 
genes of any genus (Külheim et al. 2015). Further downstream modification of terpenes often takes 
place through the actions of Cytochrome P450 enzymes. 
Many terpenoids are recognised as an important economic resource (Bohlmann and Keeling 2008; 
Vickers et al. 2014), so a vast effort has focused on engineering improved MVA and MEP pathways 
in production systems such as E. coli, yeast, algae and essential oil crops. From studies involving 
mutant screens, gene knockouts and heterologous expression analysis, a variety of molecular 
mechanisms have been shown to affect flux through the MEP and MVA pathways and the overall 
yield of desired terpenes. The regulation of the MEP pathway in particular is complex, with 
transcriptional, post-transcriptional and post-translational regulation forming a complicated web of 
feedback loops and metabolite bottlenecks that exerts both coarse and fine-grained control 
(Rodríguez-Concepción and Boronat 2015). Current knowledge has been well reviewed by Wang et 
al. (2015), Vickers et al. (2014), Banerjee and Sharkey (2014), Webb et al. (2014) and Vranova et al. 
(2013). Less is known, however, about the interactions between the MEP and MVA pathways and 
other metabolic pathways that produce or consume the same precursors (pyruvate and G3P in the 
chloroplast; acetyl-CoA in the cytosol) and co-factors (ATP, NADPH and Mg2+) (Rodríguez-
Concepción and Boronat 2015). Competition for precursors across pathways was demonstrated in 
engineered lines of Nicotiana tabacum which produced 150-fold higher levels of the triterpene 
squalene, but concurrently showed a reduction in sugars due to the diversion of G3P to the MEP 
pathway (Pasoreck et al. 2016). 
Prior studies have focussed on a shortlist of candidate genes in which to search for segregating 
allelic variants that may influence variation in terpene production. Within the Myrtaceae, for 
example, Kulheim et al (2011) found allelic variants in the hds and hdr genes at the end of the MEP 
pathway that were significantly associated with the key monoterpene 1,8-cineole in a population of 
E. globulus. Such candidate gene studies, however, are limited by their inherent bias. That is, they can 
only reveal details in what is already known from biochemical studies (Cappa et al. 2013), and 
typically explain only a small portion of the additive genetic heritability of a trait. A sizable 
proportion of additive genetic variation is likely to be found in regulatory elements, transcription 
factors, transporters, competing pathways and precursor metabolism. 
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Terpenes can either be continuously released to the atmosphere or stored in specialized structures 
such as trichomes or specialized cavities. Eucalypts (like all Myrtaceae) store terpenes in foliar 
secretory cavities and their capacity may set a limit to  the accumulation of oil in a leaf (King et al. 
2004). Goodger and Woodrow (2012) showed that foliar oil concentration in E. polybractea is tightly 
correlated with the total volume of secretory cavities (R2=0.96), yet the genetic basis of secretory 
cavity formation is poorly understood. We also know little about the genes that underlie the 
transport of terpenes from secretory cells into the cavities themselves. Traits relating to the overall 
biomass of the tree including growth rate, tree form, leafiness and leaf area also have a major effect 
on overall oil yield through unrelated mechanisms. The possibility of a trade-off between the 
accumulation of secondary metabolites and growth has been studied widely (Gershenzon 1994; 
Huot et al. 2014; Karasov et al. 2017) but King et al. (2006) found no relationship between growth 
rates of E. polybractea and foliar terpene concentration. Biomass and growth traits, though generally 
less heritable than oil traits, still have a genetic component that is likely to be highly polygenic and 
may have some impact on the heritable portion of oil yield. Thus there are potentially hundreds of 
other quantitative trait loci (QTL) of small effect outside of the MEP or MVA pathways and tps 
genes. 
To get a finer grained picture of how the entire genome affects all the traits that are important for 
total oil accumulation in a tree’s foliage we need to use genome-wide association studies (GWAS) 
techniques in eucalypts to detect significantly associated QTLs across the whole genome, followed 
by functional characterization of regions of interest. To date, several GWAS have been performed 
in forest tree species (Uchiyama et al. 2013; Cappa et al. 2013; McKown et al. 2014; Allwright et al. 
2016; Resende et al. 2016;), but none for essential oil traits. One of the reasons for this is that the 
undomesticated, outcrossing nature of forest tree species causes very rapid decay of LD (Külheim 
et al. 2009; Thavamanikumar et al. 2013), which is simultaneously a curse and a blessing from the 
perspective of GWAS. Since the power to detect significant QTLs is a function of the extent of LD 
(Long and Langley 1999), populations with very short LD require very high marker densities to 
ensure that most QTL are in linkage with at least one marker. The costs of obtaining such dense 
genome-wide markers in a reasonably large population of forest trees have been prohibitive until 
recently. On the other hand, with short range LD and dense markers obtained from NGS 
sequencing, GWAS becomes an ideal tool to locate significant loci at the gene and sub-gene level. 
This fine-grained resolution is not possible in Eucalyptus with sparse markers, such as those 
provided by GBS or the EuCHIP60K SNP chip (Resende et al. 2016). 
In this study we perform the first GWAS in Myrtaceae using a dense sequence-based marker set. 
We obtained millions of biallelic SNPs via low-depth whole genome re-sequencing of a population 
of 480 Eucalyptus polybractea. Re-sequencing can detect millions of SNPs without the ascertainment 
bias inherent in SNP chips and may even allow the direct discovery of QTNs due the high 
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probability of actual causative SNPs being genotyped. However, the cost of sequencing hundreds 
of whole genomes means that each individual was sequenced to low (1-8x) depth, which presents 
challenges for accurate genotyping and association testing. Here we apply an LD-aware genotyping 
approach to reduce genotyping error rates due to the low-depth samples. We perform single-SNP 
association tests with 11 yield-related traits including oil concentration, monoterpene concentration, 
1,8-cineole proportion, leaf area and post-coppice growth. We also perform multivariate GWAS 
analysis to increase power in the moderate sample size and find SNPs and regions that affect 
multiple oil-related traits. The outcomes of this study provide greater depth in understanding the 
genetic architecture of oil yield traits, and will help inform programs to selectively breed or 
genetically engineer Myrtaceae species for improved terpene production. 
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Methods 
Field sampling 
We analysed phenotypes (see Chapter 2) and genotypes of trees from a progeny trial of Eucalyptus 
polybractea (blue mallee) located on the property of GR Davis Pty Ltd, near West Wyalong, NSW 
Australia. The trial contains half-siblings from 40 open-pollinated families, where all 40 maternal 
trees originated from six sites around the immediate West Wyalong region (see supplementary Fig 
S1 for details of maternal origins). We selected 12 trees from each of the 40 families with visually 
clear phenotypic diversity, for a total of n = 480. The dimension of each tree was assessed (height, 
crown dimensions, leafiness) at two time points a year apart. Three mature leaves were collected per 
tree and dried for 2 days at 60oC, after which we measured average leaf area and leaf mass per area 
(LMA). Fresh leaf strips were collected in ethanol containing a known amount of n-tetradecane 
internal standard for GC-MS analysis of oil traits (total oil concentration, concentrations and 
proportions of 1,8-cineole and other terpenes). Finally, we collected fresh leaf per tree and 
immediately froze it in liquid nitrogen in the field for later DNA extraction. Details of the GC-MS 
protocol and analysis of oil traits can be found in Kainer et al. (2017) (see Chapter 2). 
DNA extraction, Library Preparation and sequencing 
We used a Labman robotic cryo-mill to grind each sample in Sarstedt (Mawson Lakes, Australia) 2 
mL tubes with three 8 mm metal beads at -70°C. After grinding, we extracted DNA from the 
powdered samples using the Qiagen DNeasy plant kit (Qiagen Australia, Doncaster, Australia), with 
the lysis incubation stage extended to 20 mins, and the DNA eluted in a total of 160 ul of milliQ 
water. We then fragmented between 500 and 1000 ng per sample of genomic DNA with a 
Diagenode Bioruptor NGS (Diagenode, Denville NJ), with 13 cycles of 30 s on and 30 s off at 
maximum intensity. To remove overly short DNA fragments we employed streptavidin bead clean-
up with 1.6x concentration of beads to DNA. After blunt-end repair, a universal Illumina P7 
adapter and one of 96 barcoded P5 adapters were ligated to the ends of genomic DNA fragments 
from each sample using a custom protocol based on that of Rohland and Reich (2012). We then 
performed nick fill-in and PCR enrichment. We pooled the resulting libraries by barcode distance 
and DNA concentration. One pool of 13 samples was sequenced on an Illumina Hiseq 2500 at the 
Biomolecular Research Facility (Australian National University, ACT). The remaining 24 pools 
were each sequenced on one lane of Illumina Hiseq 2500 at Macrogen (Korea) to produce 125-bp 
paired end reads with estimated coverage of 6x per sample. Five lanes produced relatively poor total 
output so were sequenced a second time, creating a set of 120 low-depth replicates for the samples 
in those pools. 
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Sequence QC and Alignment 
We assessed the quality of raw sequence reads with FastQC (Andrews 2010). We used the BBtools 
suite v36 (Bushnell 2016) to remove adapters and trim low quality bases from the pooled fastq 
reads, followed by demultiplexing with Flexbar v2.5 (Dodt et al. 2012) allowing for 1 mismatch per 
barcode. 
It is estimated that E. grandis and E. polybractea diverged ~21 mya (Thornhill et al. 2015; González-
Orozco et al. 2016) so we anticipated that there would be significant sequence diversity between the 
two species causing difficulties in reference alignment. To reduce the mismatch rate we used a two 
stage alignment strategy. First we aligned the cleaned reads of each sample to the E. grandis v2.0 
reference genome (Bartholomé, et al. 2015) using BWA MEM v0.7.12 (Li and Durbin 2009) on 
default settings. 
Next we called variants in 40 individuals (one with highest coverage from each family) using both 
Freebayes v0.9.21 (Garrison and Marth 2010) and Samtools v1.3.1 (Li et al. 2009). We filtered these 
two variant sets to keep only high quality SNPs with 100% call rate and high (>0.80) alternate allele 
frequency, and then derived the intersection of the two sets. This represented an E. polybractea 
“species” set of variants that are fixed or nearly fixed in E. polybractea relative to E. grandis. We then 
replaced sites in the E. grandis reference genome with the alternate alleles from the E. polybractea 
species set using BCFtools (Li et al. 2009). Each of the 480 samples plus 120 replicate samples was 
then realigned to the new reference genome, resulting in 600 BAM files. We merged replicate 
BAMs to create higher depth BAMs for those 120 samples. In preparation for genotyping we 
marked PCR and optical duplicates in each BAM, followed by left alignment around INDELs using 
GATK 3.6 (DePristo et al. 2011). Out of the 480 sequenced samples, 10 were deemed to have 
inadequate coverage for variant calling and were removed from further analysis. 
Genotyping 
We determined that population-based genotyping tools (e.g. Freebayes or Samtools) would not 
suffice since low depth genotype calls would be very common and highly error prone, leading to a 
deficit of heterozygous calls. We therefore elected to make use of LD-aware imputation and 
genotype refinement techniques provided by the Thunder (Li et al. 2011) as part of the GotCloud 
pipeline (Jun et al. 2015). This pipeline calculates genotype likelihoods, phases haplotypes, imputes 
missing genotypes, and finally refines error-prone genotype calls based on LD and haplotype 
frequencies. Thunder makes use of the fact that even apparently un-related individuals share short 
stretches of DNA (haplotypes) so this information can be used in a population to impute 
genotypes. Samples with higher depth are used as guidance to refine the genotypes of those with 
lower depth. The GotCloud pipeline was originally developed for low coverage WGS data from 
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large populations of humans, so we adjusted parameters for use with trees. For example, the 
population-scaled mutation rate prior was changed from 0.001 to 0.02 as calculated from genotype 
likelihoods by Angsd 0.913 (Korneliussen et al. 2014). Thunder was run with 20 iterations on the 
National Computer Infrastructure HPC (nci.org.au). The variants output from Thunder excluded 
those with low (<0.95) average genotype posterior probability and low (< 0.90) imputation 
confidence. 
The performance of the genotyping approach was assessed by including two low depth replicates 
(A and B) for 12 of the samples and then measuring the percentage of genotypes that were 
discordant between A and B, and between each individual replicate (A or B) and its corresponding 
merged sample (AB). Under the assumption that the genotypes of the merged sample, AB, are 
correct (since it typically has twice the depth of a replicate), the discordance rate gives us an 
estimated genotyping error rate (%GE) in the data set. At any given variant site with 100% call rate 
across the population of size n, this equates to an average of %GE x n erroneous genotypes. 
Variant Filtering 
Variants were initially filtered to remove those with low average genotype quality (𝐺𝑄̅̅ ̅̅ < 20), low 
or very high population-level depth (DP<800; DP>3300), or low minor allele frequency (MAF < 
0.02). Variants were also removed if they fell within regions of low complexity (entropy), which 
were calculated with the BBtools suite bbmask feature. We only retained biallelic SNPs, while 
INDELS were not called due to the propensity for error in samples sequenced at low depth.  
Many GWAS filter out variants that show significant departure from Hardy Weinberg Equilibrium 
(HWE) as these may indicate poor alignment of the reada or genotyping error. The HWE test 
operates under the assumption of random mating and since our study population contained highly 
structured relatedness within half-sib families, this assumption does not hold. In order to test SNPs 
without family structure we randomly selected 40 individuals unrelated by pedigree (1 from each 
family) and recorded the p-value from the HWE test of each SNP in that unrelated group using the 
SNPRelate v1.8.0 R package (Zheng et al. 2012). We repeated this process with 100 different sets of 
random unrelated individuals. SNPs with a median p-value across the 100 tests of less than 1.0 x 10-
2 were deemed to be consistently out of HWE in unrelated samples and were thus removed. Finally 
we used 12 samples with low-depth replicates to assess genotype discordance with the GWASTools 
v1.20.0 R package (Gogarten et al. 2012). Any SNP where more than one of the 12 test samples 
had discordant genotypes within its replicates was excluded from further analysis. 
Population Structure and kinship 
For population structure analysis we pruned the main SNP set using the --indep function in PLINK 
v1.9 (Chang et al. 2015) which uses a sliding window to identify SNPs that exceed a variance 
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inflation factor (VIF) with respect to the other SNPs in the window. This produces a set of SNPs 
that have reduced collinearity between them for the purposes of population structure analysis. We 
used a sliding window of 50 bases shifted by 5 bases, a VIF of 1.5 and MAF > 0.05 for this step. 
Principal components were calculated from the pruned SNP set using the GENESIS v2.4.0 R 
package (Conomos and Thornton 2016), which accounts for recent sample relatedness in order to 
recover ancestral population structure. We then used these principal components in the estimation 
of pairwise kinship with GENESIS, which estimates refined pairwise kinship coefficients (θIBD) by 
removing the signal of ancestral population structure, resulting in only recent familial relatedness.  
Single-SNP GWAS 
We lightly pruned the Thunder SNPs set using PLINK (VIF=50) to remove those SNPs with high 
collinearity in a sliding window, resulting in our final SNP set for use in the GWAS. We then used 
the GENESIS R package to perform single-SNP association testing for each of 11 traits: total oil 
concentration (OC), total monoterpene concentration (MONO), square root of total sesquiterpene 
concentration (SESQ), monoterpene:sesquiterpene ratio (MSratio), 1,8-cineole concentration 
(CIN), 1,8-cineole proportion (PCIN), α-pinene concentration (APIN), leaf area (LA), height (HT), 
1 year change in height (∆HT), 1 year change in crown area (∆CA). 
For each trait, a null model was defined in which ancestral population substructure was accounted 
for by including significant principal components as fixed effects (Q) and complex familial kinship 
between individuals was accounted for as random effects via a genomic relationship matrix (K). 
Environmental covariates of terrain-type and field block were also included in the null model if they 
improved the fit of the model based on AIC. Each of the GWAS SNPs was then fitted one at a 
time as a fixed effect and this expanded linear mixed model was tested against the null model with a 
Wald test for significance. We considered a genome-wide threshold of significance to be the 
commonly used 5 x 10-8. However, we refrained from using multiple testing correction procedures 
such as Bonferroni because the GWAS SNP set contains many SNPs in relatively strong LD which 
results in non-independence of each association test. Furthermore, as an exploratory analysis we are 
interested in regions of the genome that may not reach a stringent significance threshold but still 
show signs of weaker association from multiple SNPs in local LD. 
For specific regions of interest we used ANGSD to perform association with relaxed filtering in 
order to assess more SNPs within those regions. ANGSD is computationally far more demanding 
than GENESIS but uses genotype likelihoods rather than genotype calls, so it minimises the 
negative effect of genotyping error on association. 
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Multivariate GWAS 
We used the multivariate version of BIMBAM (Stephens 2013) to perform genetic association of 
multiple related phenotypes. This approach can provide more power than single trait association as 
each trait provides more evidence for an affect when two or more of the traits are known to be 
correlated. We used five oil traits: CIN, APIN, SESQ, MONO.SUB (where MONO.SUB = 
MONO – CIN – APIN) and PCIN. Phenotypes are assumed to be normally distributed by 
mvBIMBAM, so we first regressed each trait on significant PC covariates, then quantile normalised 
the residuals in R and used these as the phenotypes. 
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Results 
Sequencing and Alignment 
Illumina sequencing produced 1.52 terabases of data, which was reduced to 1.37 terabases after 
quality control to remove barcodes, adapters and low quality bases (see Supp Table S1 for detail). 
The first stage of the alignment strategy, in which we generated a pseudo E. polybractea reference, 
resulted in 3.35 m sites in the E. grandis reference being replaced with high frequency homozygous 
alternate variants from our population. When we re-aligned all samples to the new pseudo reference 
the average mapping quality (MQ) improved by 0.6 and slightly increased the number of 
successfully mapped reads and percentage of proper pairs. This was a consequence of average 
mismatches per read dropping from 5.5 to 4.9. Alignment statistics are presented in Supp Table S2. 
On average, 56% of the E. grandis genome was covered by at least one read in each sample, with 
one sample covering up to 73% (Supp Table S2, Fig S2). Across all samples, an average of 22% of 
the genome was covered by depth of 4x or greater. 
Genotyping 
The GotCloud genotyping pipeline produced a total of 6.28m SNPs in the 11 chromosomes of the 
reference genome. Filters for SNPs of excessively low or high depth or poor average genotype 
quality reduced this to 2.89m SNPs. The HWE filter in unrelated individuals removed another 232 
SNPs, and the discordance filter removed 56,213 SNPs, leaving a final set of 2.39m SNPs with 
MAF > 0.02. Of these, 1.03m were located within the 34,110 annotated genes from the 11 primary 
chromosome scaffolds of E. grandis (Supp Table S3), and another 0.82m SNPs were within 5kb of a 
gene. 
We defined a candidate gene set for essential oil traits containing 123 genes known to be directly 
involved in terpenoid biosynthesis (MEP, MVA + TPS) and located in the 11 main E. grandis 
chromosomes. Of these, 89 genes contained at least one SNP in the filtered SNP set but the 
remainder had no SNPs present for analysis. These un-marked candidate genes were mostly terpene 
synthases (TPS) that either were poorly aligned and therefore failed to yield variants that passed the 
filters, or are possibly absent in E. polybractea. 
Population Structure 
By pruning the main SNP set with PLINK we obtained a genome-wide set of 307,136 independent 
SNPs with MAF > 0.05 for the population structure analyses. The principal component analysis 
showed a small degree of ancestral population structure although the majority of samples clustered 
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into one general population. The first 3 PCs respectively captured 2.92 %, 2.37 % and 2.16 % of 
the variation in the genotypic data.  
Pairwise kinship analysis revealed that some siblings were far closer to a full-sib relationship than 
the assumed half-sib relationship of 0.25. In particular this applied to family 37, which was sourced 
from a first generation seed orchard and showed greater inbreeding. Additionally, two sequential 
samples appeared to be unintentional sequencing duplicates (Coeff of Ancestry = 1.03), so were 
removed from further analysis. 
Single-SNP GWAS 
Our set of 2,387,609 genome-wide biallelic SNPs was used for phenotypic association using a linear 
mixed model approach.  
Composite oil traits OC and MONO, which are the sum concentration of dozens of terpenes and 
of monoterpenes respectively, yielded relatively few SNPs with strong significance (see Table 1). In 
fact, there was a noticeable paucity of highly significant SNPs in the candidate gene set. 
Nevertheless, there appeared to be an enrichment of SNPs of some level of association with major 
oil traits in these candidate genes relative to the rest of the genome. For example, for OC, the mean 
absolute SNP-effect of SNPs in the candidate set (|𝐸𝐹𝐹| = 1.775) was significantly higher than 
the mean absolute SNP-effect of SNPs in all genes (|𝐸𝐹𝐹| = 1.705) (1-sided Student’s t-test, t=-
2.42, df=2701, p = 0.008). In contrast, for non-oil traits such as HT and LA, the mean of SNP 
effects in oil candidate genes was not significantly different to the mean of SNP effects in all genes 
as expected. The candidate genes with the most significant SNPs are shown in Fig 1. 
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Table 1 – SNP p-values and mean absolute SNP effect size |EFF|. Figures show the number of SNPs 
with p-values below the given thresholds within the whole genome (WG) or within oil candidate genes 
(CAND). Mean SNP effects size is shown in all genes (GENES) and candidate genes. T-test reports the p-
value from a 1 sided t-test to see if estimated SNP effects are greater in oil candidate genes than in all genes. 
*MSratio showed signs of p-value inflation. 
 WG CAND  GENES CAND  
 5 x 10
-8
 1 x 10
-5
 1 x 10
-4
 1 x 10
-3
  |EFF| |EFF| t-test 
Oil         
OC 1 72 1 5  1.705 1.775 0.008 
MONO 0 71 1 8  1.555 1.629 0.002 
CIN 0 37 7 11  1.230 1.304 0.0003 
PCIN 1 58 5 15  0.014 0.014 0.868 
APIN 4 52 1 8  0.097 0.098 0.295 
SESQ 6 92 1 8  0.097 0.098 0.375 
MSratio* 9 386 3 14  0.150 0.150 0.507 
 
Biomass 
        
LA 0 71 0 0  26.39 25.24 0.998 
HT 0 41 0 4  6.771 6.739 0.613 
∆HT 0 59 0 2  3.225 3.169 0.869 
∆CA 0 32 0 2  0.032 0.032 0.797 
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MEP 
dxs3 379        
dxr 201        
hds 69        
hdr2 196        
          
MVA 
hmgr1 50        
hmgr2 25        
pmd1 59        
          
TPS 
gpps 193        
ggpps4 81        
ggpps2 33        
TPS023 19        
TPS061 24        
TPS062 129        
TPS063 50        
TPS071 85        
TPS076 32        
TPS081 7        
TPS091 153        
TPS097 16        
TPS108 45        
other  1  2 1 1 2 3 
 
Fig 1 - Top candidate genes for various oil traits ranked according to the best single-SNP association 
found within that gene from GENESIS GWAS. Dark Grey: 1 - 5 rank; Light Grey: 5 – 10 rank. 
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Manhattan plots of several essential oil traits can be seen in Fig 2, and details of high ranking SNP 
associations for each of the tested traits are presented in Table 2. The strongest associations for any 
trait were two SNPs (Chr10_27384836, uncorrected p = 8.8 x 10-15  & Chr10_27384848, 
uncorrected p = 3.1 x 10-14) associated with SESQ and located in the Eucgr.J02222 gene, which is 
annotated as phosphoenolpyruvate (pep)/phosphate translocator 2. This translocator  is known to be 
involved in the supply of precursors to both the MEP and shikimate pathways. These two SNPs 
were also highly significantly associated with the derived trait MSratio but are not found in the top 
associations for any other trait. A SNP on chromosome 1 (Chr01_31758048), located within a 
cluster of monoterpene synthases, was the most significant association with APIN (uncorrected p = 
1.2 x 10-10) and was also one of the most significant associations with CIN (uncorrected p = 6.4 x 
10-7). Various other SNPs with relatively significant associations are linked to functions of relevance 
such as protein and lipid transport, cavity formation, stress response or metabolic pathways that 
compete for precursors (e.g. flavanoid production). For example, the tower of SNPs at Chr10 19.02 
Mbp are located in an S-adenosyl-L-methionine-dependent methyltransferase (SAM-Mtase) gene. 
Such enzymes are commonly involved in secondary metabolism (Joshi and Chiang 1998), including 
downstream modification of terpenes.  
Growth in tree height from 1 year post-coppice to 2 years post-coppice (∆HT) presented no 
associations with notably strong statistical significance. Nevertheless, many of the top ranking 
associations were located within or very near to genes that have been directly implicated in 
structural development or growth regulation.  
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Fig 2 – Manhattan plots of genome-wide non-FDR corrected associations in five oil traits. The x-axis 
represents the genomic position of each SNP, while the y-axes shows the strength of association measured as 
the –log10(p-value) for each SNP for each trait. Selected SNPs with a putative role in terpene biosynthesis and 
accumulation are tagged. The horizontal dashed lines represent a commonly used genome-wide threshold of 
significance. Vertical dotted lines are provided as a guide to compare the location of certain associations 
across different traits. A more detailed description of highly significant SNPs can be found in Table 2. 
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Table 2 – key single SNP associations by trait. These are not necessarily the strongest associations for each 
trait. SNP IDs with * indicate that there are multiple SNPs at similar significance levels near this locus. 
Abbreviations for possible functional roles: TR (transport), ST (storage), SR (stress response), CAVF (cavity 
formation), CAVS (cavity structure), PRE (precursor availability), TERP (terpenoid biosynthesis), GRW 
(growth regulation). 
 
Traits SNP ID P-value Nearest 
gene 
Annotation Possible 
function 
OC, MONO Chr10_10603390 * 7.03E-08 J00973 UDP-Glycosyltransferase superfamily 
protein 
TR, ST 
OC, MONO Chr02_38232403 * 8.66E-08 B01785 Disease resistance protein (CC-NBS-LRR 
class) family 
SR 
OC Chr07_43651762 2.42E-07 G02301 
 
leucine-rich repeat transmembrane 
protein kinase family protein 
CAVF 
OC,MONO, 
CIN,APIN 
Chr07_13026919 * 4.27E-07 G00843 HXXXD-type acyl-transferase family 
protein 
ST 
OC, MONO Chr02_52005554 7.09E-07 B03157 plasmodesmata callose-binding protein 
3 
TR 
OC Chr05_2988627 1.45E-06 E00317 expansin-like B1 CAVS 
OC, MONO, 
CIN 
Chr03_69759467 1.74E-06 C03570 phenylalanine ammonia-lyase 2 PRE 
MONO Chr06_4956541 2.13E-07 F00384 RING/U-box  E3 ubiquitin-protein ligase CAVS 
MONO Chr10_19980843 1.84E-06 J01589 Calcium-dependent lipid-binding (CaLB 
domain) family protein 
TR 
MONO Chr05_73767263 2.71E-06 D00731 Disease resistance protein (TIR-NBS-LRR 
class) family 
SR 
MONO Chr11_43875780 * 3.38E-06 K03541 secretion-associated RAS super family 2 TR 
CIN Chr02_55962524 7.99E-07 B03623 Bifunctional inhibitor/lipid-transfer 
protein/seed storage 2S albumin 
superfamily protein 
TR 
CIN Chr05_8865444 5.64E-06 E00840 cytochrome P450, family 718 TERP 
CIN Chr06_38312901 5.70E-06 F02616 Gibberellin-regulated family protein SR 
SESQ Chr10_27384836 * 8.84E-15 J02222 phosphoenolpyruvate (pep)/phosphate 
translocator 2 
PRE 
SESQ, OC Chr10_19020945 * 1.63E-08 J01534 SAM-Mtase superfamily protein SR 
SESQ Chr06_45031390 7.88E-08 F03370 S-locus lectin protein kinase family 
protein 
SR 
SESQ Chr05_13544393 1.70E-07 E01295 NB-ARC domain-containing disease 
resistance protein 
SR 
SESQ Chr03_26500698 2.55E-06 C01567 Leucine-rich repeat protein kinase family 
protein 
CAVS 
SESQ Chr05_27914866 * 7.39E-07 E02010 Vacuolar sorting protein 39 TR 
APIN Chr07_37694713 2.37E-06 G01944 translocase inner membrane subunit 44-
2 
TR 
APIN,CIN Chr01_31758048 * 1.23E-10 TPS058 Monoterpene synthase cluster TERP 
∆HT Chr10_20285569 * 5.53E-07 J01613 GLOBAL TRANSCRIPTION FACTOR C, 
SPT16 
GRW 
∆HT Chr10_236988 9.03E-07 J00015 actin-4 GRW 
∆HT Chr06_18822852 1.36E-06 F01369 rhamnose biosynthesis 1 GRW 
∆HT Chr11_30589991 1.79E-06 K02274 translocon at the outer membrane of 
chloroplasts 64-III 
GRW 
∆HT Chr08_4229332 3.24E-06 H00046 sugar transporter 1 GRW 
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Multivariate GWAS 
Multivariate association of five oil traits with the GWAS SNP set produced Bayes factors (BFs) for 
each SNP, representing how much that SNP improved a null model for any combination of the 
five oil traits. A total of 197 SNPs had a BF > 4.0, 48 SNPs had a BF > 5.0 and 17 SNPs had a BF 
> 6.0. SNPs in candidate genes produced higher BFs for association with one or more oil traits 
(𝐵𝐹̅̅ ̅̅ = 0.077) than SNPs in all genes (𝐵𝐹̅̅ ̅̅ = 0.056) (1-sided t-test, t = 2.61, df = 2699, p = 0.005). 
By examining the 48 SNPs with BF > 5.0 we can see how regions of significant association affect 
various oil traits differently (Fig 3). For example, the cluster of significant SNPs on chromosome 10 
that are located in the ppt2 gene (Eucgr.J02222) show a very strong probability of affecting SESQ 
and little else. However, 1 SNP a little further upstream in gene Eucgr.J02220 appears to affect 
other oil traits indirectly, providing strong overall probability of effect (PrA) on multiple traits. 
There is currently no annotation for Eucgr.J02220. 
Three SNPs on chromosome 6 appear to affect PCIN directly plus several other oil traits indirectly, 
but with little effect on CIN. This indicates that the region may affect the production of non-
cineole terpenes, thereby altering the proportion of 1,8-cineole in stored oil, but not affecting the 
actual volume of 1,8-cineole in stored oil. The first of these SNPs, Chr06_21496016, is a non-
synonymous SNP in an exon encoding a protein of unknown function, but possibly containing a 
transmembrane domain. 
The SNPs on chromosome 1 around 31.75 Mbp are located within a cluster of 7 monoterpene 
synthases and show a strong probability of directly affecting CIN and APIN, and lesser probability 
of affecting MONOREST, PCIN and SESQ. This provides evidence for the presence of 1,8-
cineole and/or α-pinene synthases in this region. We investigated this region in more detail (Fig 4). 
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Fig 3 – Heatmap of most significant multivariate associated SNPs (BF > 5). Color indicates the 
probability of the SNP having an effect on the trait (PrA), of the SNP having a direct effect on the trait (PrD) 
or an indirect effect on the trait (PrI). Red indicates higher probability, blue indicates lower. SNPs (rows) are 
ordered by genomic position. The green shaded annotations on the left indicate the multivariate BF for each 
SNP.  
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Fig 4 – Multivariate association within cluster of 7 TPS genes on chromosome 1. Panel A shows the 
posterior probability that a given SNP has a direct effect on each of five oil traits, where brighter yellow 
means greatest probability and darker purple means least. Panel B is a manhattan plot of bayes factors for 
multiple oil traits. Points are sized according to their bayes factor and coloured according to their pairwise LD 
with the most significant association at 31.75 Mbp (labelled). Panel C shows pairwise LD between each SNP 
in the 500 kb region.  
 
Figure 4 reveals a lack of SNPs in most of the terpene synthases in this cluster. The strong LD 
block around the prominently associated SNPs near TPS058 (31.75 Mbp) also forms moderately 
strong LD with downstream SNPs around TPS061 (31.95 Mbp) and upstream SNPs near TPS054 
(31.52 Mbp). It is worth noting the small region of dense SNPs just after 31.9 Mbp is probably a 
A) 
B) 
C) 
b
ay
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to
r 
Chapter 3 
 
109 
 
rearrangement in E. polybractea relative to E. grandis, so TPS061 is probably physically closer to the 
rest of the TPS group than it would appear. It is immediately apparent from the the top panel that 
CIN and APIN are the traits most likely to be directly affected by SNPs throughout this region. 
APIN is also least likely to be affected indirectly (Fig S3).  
Due to the lack of SNPs in this important region, we used associations from ANGSD to provide 
more detail for CIN and APIN (Fig 5). The biomass trait HT is included as a ‘control’ because TPS 
genes are not expected to associate strongly with HT. HT shows a general baseline level of 
association in this region up to approximately -log10(P) = 2.5. We can see that TPS054 and TPS061 
are particularly prominently associated with APIN, and TPS056 is prominantly associated with 
CIN. There is also a considerably greater strength of association between TPS062 and CIN than 
there is with APIN. Similar to the multivariate results, the strongest association is with a SNP 
between TPS058 and TPS059 for APIN. 
 
 
 
Fig 5 – Associations from ANGSD for three traits in the region around 31.75 Mbp on chromosome 1. 
The most significant SNP detected by ANGSD is Chr01_31758048 on the APIN manhattan plot, which is 
the same detected by GENESIS. Pink colour indicates SNPs within or just upstream of genes, blue indicates 
SNPs within or just upstream of terpene synthase genes, and grey indicates SNPs in intergenic regions. 
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Discussion 
In this study we performed the first genome-wide association for essential oil traits using dense 
markers obtained by whole genome re-sequencing. Candidate gene studies have previously revealed 
significant associations of terpene and total oil concentration with key genes in the MEP and MVA 
pathways and downstream terpene synthases. Here we used millions of SNPs to explore the 
genomic architecture in the candidate genes and all other regions of the genome. We find evidence 
for allelic influence on important factors beyond the synthesis of terpenoids, such as precursor 
availability, terpene transport, cavity formation and storage. 
Terpenoid biosynthesis 
Perhaps the most immediately noticeable result is that there were few loci of highly significant 
association with total oil concentration (OC) or monoterpene concentration (MONO) at the 
genome-wide level. Rather there was a multitude of associations across the genome that were 
significant (before multiple testing correction), but to a lesser degree. This reflects the highly 
polygenic architecture of this trait and supports findings in Myrtaceae that gene expression and 
transcript abundance is the primary regulator of oil concentration variation (Webb et al. 2013). Very 
few of the top associated SNPs were located in or very near the Candidate Gene set, which is in 
contrast with previous QTL and SNP association studies in candidate genes which show that a 
sizeable proportion of quantitative variation in OC is due to allelic variation within the MEP 
and/or MVA pathway (Henery et al. 2007; Külheim et al. 2011; O’Reilly-Wapstra et al. 2011). There 
are several possible explanations for this result. 
Firstly, associations detected by candidate gene studies are often subject to the ‘winners curse’ or 
Beavis effect (Beavis 1994), which inflates effect sizes. Indeed when we take only the SNPs located 
in the Candidate Gene set the genes containing the most significant associations are those 
previously shown to have an effect on oil concentration, such as dxs, dxr, hds, gpps, ggpps as well as 
several terpene synthases and hmgr and pmd1 from the MVA pathway (Fig 1). In the limited context 
of just the candidate gene set it is easy to interpret this subset of results. However, in the genome-
wide context, these same SNPs are not highly significantly associated and may explain only a small 
proportion of the heritability. 
Second, there is a large body of evidence showing that much of the flux through the MVA and 
MEP pathways is due to a complex network of regulatory mechanisms (Hemmerlin 2013; Webb et 
al. 2013; Vickers et al. 2014; Davies et al. 2015). Allelic variants within genes encoding MEP and 
MVA enzymes could affect the efficiency of these enzymes, but that may be a relatively small signal 
of variation compared to the effects of transcriptional, post-transcriptional, translational, and post-
translational regulation, precursor availability and transport. Variants in dozens of transcription 
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factors, promoters, co-enzymes and transporters could combine to give a larger carrier signal of 
quantitative variation. For example, an individual with a well optimized terpene biosynthesis 
pathway may produce monoterpenes at lower capacity if the availability of G3P or pyruvate in the 
chloroplast is sub-optimal. 
Third, allelic variation within the candidate gene set may indeed cause variation in the total 
production of terpenes, but this may be masked by the relative ability of an individual plant to store 
the terpenes in foliar secretory cavities. The OC phenotype (and MONO to a lesser extent) is as 
much a measure of an individual’s oil storage capacity as its capacity to actually synthesise oil, and 
since OC and total oil cavity volume are almost perfectly correlated (Goodger and Woodrow 2012), 
association for OC may also reveal genes involved in the formation and maintenance of cavity 
space in the leaves, which will further confound any signal from the candidate gene set. 
Furthermore, eucalypts emit large amounts of volatile terpenes into surrounding air (Winters et al. 
2009) which may indicate excess production capacity beyond the storage capacity of the oil cavities, 
or perhaps synthesis of terpenes in the mesophyll and not exclusively in the secretory cavities 
(Winters 2010). None of these emissions have been accounted for in this study. 
The overall concentration and proportion of 1,8-cineole is of great importance to breeders. 
Pinpointing cineole synthases in the Eucalyptus genome may enable copy-number engineering in the 
future to increase overall 1,8-cineole yield. Many terpene synthases catalyse the conversion of GPP 
to multiple terpenes, so we would expect to find several TPS genes associated with variation of 
prominent terpenes in E. polybractea. Here we have found that a cluster of TPS genes on 
chromosome 1 has a significant effect on both 1,8-cineole and α-pinene, which is not surprising 
since previous studies have shown that cineole synthases in A. thaliana and Salvia officinalis also 
produce lesser amounts of pinenes (Keszei et al. 2008). 
Precursor availability 
The strongest single-SNP and multivariate associations, associated primarily with total 
sesquiterpenes, were in the Eucgr.J02222 gene on chromosome 10, which is annotated as encoding 
the phosphoenolpyruvate/phosphate translocator (PPT2). This translocator is located in the plastid inner-
envelope membrane, is expressed in leaves, and is responsible for importing phosphoenolpyruvate 
(PEP) from the cytosol into the chloroplast (Knappe et al. 2003; Linka and Weber 2010). PEP is 
the direct precursor to the shikimate pathway and may also be converted to pyruvate via pyruvate 
kinase, though this mechanism is not clear in plants (Banerjee and Sharkey 2014). Since both G3P 
and pyruvate are required by the MEP pathway for IPP production, the import of PEP may 
provide a secondary source of pyruvate that contributes to a high rate of terpene production in 
mature leaf when volatile isoprene emissions are greatest (Banerjee and Sharkey 2014). This is 
supported by studies of Arabidopsis cue1 mutants with defective PPT2, which produce only one third 
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the carotenoids (a terpenoid), one quarter the chlorophylls (which contain isoprenoid side chains), 
have vastly reduced flux through the shikimate pathway, yet show no reduction in fatty acid 
biosynthesis (Streatfield et al. 1999).  
While there is evidence that PPT2 plays a role in terpenoid biosynthesis in the chloroplast, it is 
difficult to explain why the Eucgr.J02222 gene is directly associated with SESQ (Fig 3), but not 
with monoterpene oil traits such as MONO and CIN that are perhaps more dependent on MEP 
precursor availability. We hypothesise that while deficient PPT2 (as in the cue1 mutants) results in 
reduced availability of precursors to both the MEP and shikimate pathways, over-expressed PPT2 
may not result in greater production of monoterpenes if flux through the MEP pathway is already 
at maximum. Loreto et al. (2007) showed evidence that cytosolic PEP is partitioned between 
respiration, anabolic metabolism and chloroplast import. Increased transport of PEP from the 
cytosol to the chloroplast may reduce production of cytosolic acetyl-CoA, depriving the MVA 
pathway of its precursor and therefore reducing the production of sesquiterpenes. 
Terpene transport and storage 
The strongest signal of association with OC (and also one of the strongest for MONO) was a 
cluster of seven UDP-Glycosyltransferase (GT) genes on chromosome 10 between 10.55 and 10.65 
Mbp. UDP-GT enzymes act to modify small secondary metabolites by adding uridine diphosphate 
sugars to their active groups, and in the process, the water-insoluble metabolites become water 
soluble glycosides with reduced toxicity to the host cells. As a consequence, such glycosides are 
often mechanisms for the transport and storage of hydrophobic metabolites (Rivas et al. 2013). 
Terpenes are one such group of hydrophobic compounds that can be glycosylated (Rivas et al. 
2013; Schwab et al. 2015), and this has been shown to occur naturally in many plants, including 
cultured Eucalyptus perriniana cells (Shimoda et al. 2006).  
Caputi et al. (2008) screened 107 UDP-GTs from A. thaliana in-vitro, and found 27 of them reacted 
with 8 model terpenoid substrates. One of those 27 GTs, AtUGT85A2 from group G, showed 
strong activity with citronellol and geraniol. The AtUGT85A2 gene is the closest Arabidopsis 
homolog for three of the GTs within the associated region on chromosome 10, providing evidence 
that variants at this locus may affect the glycosylation of monoterpenes which in turn, may have an 
effect on OC and MONO traits. The other four GTs in the immediate chromosome 10 region are 
also UDP-GTs of Family 1 and indeed may act upon relevant terpenes. There were further strong 
associations with UDP-GT genes in the atUGT76B1 and atUGT72B1 groups which may also 
target mono or sesquiterpenes. 
Plants lacking dedicated storage organs for terpenes, such as Vitis vinifera (Black et al. 2015), often 
accumulate significant amounts of terpene glycosides in leaves. Unlike Vitis, eucalypts have 
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secretory cavities for the distinct purposes of terpenoid storage. It is possible that a significant 
proportion of the terpenoids produced by the MVA and MEP pathways are subsequently 
glycosylated and stored in that form, perhaps as a protective barrier for secretory cells around the 
perimeter of the oil cavities (Goodger et al. 2016).  Another possibility is that these GTs are 
responsible for producing flavanone glycosides, which have been shown to occur in oil cavities in 
several eucalypt species (Goodger et al. 2016). If glycosides are indeed present in the leaf and oil 
cavities, our GC-MS based method for the calculation of individual and total terpene 
concentrations is unlikely to detect them due to their reduced volatility, yet they would still have an 
impact on the oil concentration and monoterpenes phenotypes. One further hypothesis is that 
glycosylation may take place in secretory cells in order to transport newly synthesized terpenes 
and/or flavanones from the chloroplast membrane to the ER, from where transport of the de-
glycosylated terpene continues on to extracellular storage. The glycosylated form would be transient 
and not accumulate, yet be important for the transport and storage of oils. 
Secretory cavity formation 
The measure of total oil concentration is as much a measure of storage capacity in intercellular 
secretory cavities as a measure of enzymatic efficiency of terpenoid biosynthesis. The formation of 
oil cavities in Eucalyptus is therefore a major influence on oil concentration and yield.  Carr and Carr 
(1970) observed that the formation of the secretory cavity is initiated in the cotyledon and 
hypocotyl of the embryo. The cavity is formed from a single epidermal initial which cleaves to form 
three tiers of cells amdnt ehepithelial cells and some of the cells forming the casing arise from the 
middle tier.  The cavity itself is formed schizogenously and the outer walls become impregnated 
with suberin and cutin.  
Ishizaki (2015) reviewed the process of schizogeny in plants, by which an intercellular cavity is 
formed via the local separation of cells and co-ordinated cell-wall remodelling. In the liverwort 
Marchantia polymorpha, key roles are played by a U-Box (PUB) E3 ubiquitin ligase located on the 
plasma membrane, extracellular signalling mediated by leucine-rich repeat receptor-like kinases and 
cell-wall remodelling by enzymes such as expansins and xyluglucans. Coincidentally our second 
highest association for MONO is just upstream of Ring/U-Box E3 ubiquitin ligase gene 
Eucgr.F00384, while one of the strongest associations for OC is leucine-rich repeat receptor-like 
kinase gene Eucgr.G02301. Of course there are several genes of these classes, but these may 
warrant a closer look as they associate with the two traits that are most influenced by total oil cavity 
volume. Finally, we also find an association between OC and expansin B1 gene Eucgr.E00317, and 
between multiple traits (OC,MONO, CIN,APIN ) and HXXXD-type acyl-transferases which may 
play a role in cutin and suberin synthesis of the outer cell walls of the cavity (Molina and Kosma 
2014). 
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Conclusion 
In this study we used over 2 million markers obtained from whole genome re-sequencing of 480 E. 
polybractea individuals to explore the genomic architecture of essential oil traits. We showed that 
variation in monoterpene, sesquiterpene and total oil concentration may be influenced by many loci 
of small effect beyond the genes of the MEP and MVA pathways, with few genes of large effect. 
Since oil concentration is as much an indicator of terpenoid storage capacity as it is of terpenoid 
biosynthesis, we find several associated loci that have previously been implicated in schizogenous 
cavity development in other plants. We also see significant effect of the chloroplastid PEP 
translocator (PPT2), and evidence from associations with multiple UDP-glycosyltransferase genes 
that glycosylation of terpenes may influence the accumulation of extractable oil. Finally, terpene 
synthases that are putatively responsible for 1,8-cineole and α-pinene production are localised to a 
shortlist within chromosome 1. These results provide a new list of candidate genes that warrant 
further investigation to provide additional avenues beyond the MEP and MVA pathways for 
improvement of terpene production in Myrtaceae.  
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Supplementary Materials 
Table S1 – NGS fastq QC statistics. Each pool was sequenced on a single lane of an Illumina HiSeq 2500. 
BBDUK1 and BBDUK2 were processing steps to remove barcodes and adapters and trim low quality bases 
from the ends of reads. 
 
Original post BBDUK1 post BBDUK2 % of original 
Pool Reads Bases Reads Bases Reads Bases Reads Bases 
A 408994860 5.15E+10 3.97E+08 4.73E+10 3.9E+08 4.68E+10 95.4% 90.8% 
B 512716294 6.46E+10 4.97E+08 5.85E+10 4.84E+08 5.76E+10 94.5% 89.2% 
C 501211832 6.32E+10 4.84E+08 5.71E+10 4.72E+08 5.62E+10 94.2% 89.0% 
D 503404900 6.34E+10 4.84E+08 5.76E+10 4.72E+08 5.66E+10 93.7% 89.3% 
E 504563966 6.36E+10 4.92E+08 5.9E+10 4.82E+08 5.82E+10 95.5% 91.5% 
F 495758706 6.25E+10 4.8E+08 5.72E+10 4.69E+08 5.63E+10 94.6% 90.2% 
G 477911452 6.02E+10 4.62E+08 5.52E+10 4.51E+08 5.44E+10 94.4% 90.3% 
H 434417644 5.47E+10 4.19E+08 5.03E+10 4.1E+08 4.96E+10 94.4% 90.7% 
I 458319946 5.77E+10 4.42E+08 5.29E+10 4.32E+08 5.22E+10 94.4% 90.4% 
J 478967908 6.03E+10 4.64E+08 5.55E+10 4.53E+08 5.47E+10 94.7% 90.6% 
K 503167936 6.34E+10 4.88E+08 5.84E+10 4.77E+08 5.75E+10 94.8% 90.8% 
L 442366624 5.57E+10 4.27E+08 5.09E+10 4.18E+08 5.02E+10 94.4% 90.1% 
M 398169350 5.02E+10 3.87E+08 4.65E+10 3.8E+08 4.59E+10 95.4% 91.6% 
N 401230052 5.06E+10 3.9E+08 4.68E+10 3.83E+08 4.63E+10 95.5% 91.5% 
O 465795374 5.87E+10 4.51E+08 5.36E+10 4.4E+08 5.28E+10 94.5% 89.9% 
P 393699492 4.96E+10 3.82E+08 4.59E+10 3.75E+08 4.53E+10 95.2% 91.3% 
Q 470652696 5.93E+10 4.57E+08 5.44E+10 4.47E+08 5.37E+10 95.0% 90.5% 
R 438305972 5.52E+10 4.24E+08 5.05E+10 4.14E+08 4.98E+10 94.4% 90.1% 
S 499066002 6.29E+10 4.82E+08 5.69E+10 4.69E+08 5.6E+10 94.0% 89.0% 
T 428935536 5.4E+10 4.15E+08 4.92E+10 4.03E+08 4.84E+10 93.9% 89.5% 
BRF 492109412 4.97E+10 4.9E+08 4.82E+10 4.81E+08 4.77E+10 97.8% 96.0% 
MISEQ 33951300 5.11E+09 
  
33614962 4.78E+09 99.0% 93.5% 
C2 472525716 5.95E+10 4.67E+08 5.31E+10 4.56E+08 5.23E+10 96.4% 87.8% 
F2 472869970 5.96E+10 4.69E+08 5.24E+10 4.55E+08 5.15E+10 96.2% 86.4% 
M2 500524938 6.31E+10 4.97E+08 5.66E+10 4.84E+08 5.57E+10 96.6% 88.3% 
N2 467621638 5.89E+10 4.53E+08 5.25E+10 4.37E+08 5.14E+10 93.4% 87.3% 
P2 490393904 6.18E+10 4.87E+08 5.67E+10 4.75E+08 5.58E+10 96.9% 90.3% 
total 1.215E+10 1.52E+12 1.18E+10 1.38E+12 1.15E+10 1.37E+12 
   
 
Table S2 - reference alignment statistics per sample.  
ID Total Reads Mapped % mapped % proper pair % singleton % Ref Cov > 0 % Ref Cov > 4 
DK001 39089937 37592538 0.962 0.917 0.007 0.654 0.399 
DK002 19552148 18805822 0.962 0.898 0.008 0.579 0.230 
DK003 9013926 8618584 0.956 0.890 0.009 0.436 0.066 
DK004 17924185 17187547 0.959 0.893 0.008 0.567 0.198 
DK005 8474629 8054608 0.950 0.794 0.019 0.453 0.065 
DK006 14619811 14088970 0.964 0.898 0.009 0.534 0.153 
DK007 23081883 21981434 0.952 0.887 0.012 0.593 0.263 
DK008 15650411 14967487 0.956 0.887 0.010 0.546 0.169 
DK009 16941431 16226928 0.958 0.857 0.012 0.576 0.206 
DK010 19890825 19138398 0.962 0.894 0.010 0.582 0.229 
DK011 23642971 22359224 0.946 0.817 0.018 0.629 0.296 
DK012 19107330 18377807 0.962 0.919 0.006 0.560 0.201 
DK013 17448515 16758352 0.960 0.868 0.010 0.582 0.197 
DK014 30340517 29113772 0.960 0.886 0.010 0.660 0.351 
DK015 30279003 29066740 0.960 0.909 0.009 0.572 0.305 
DK016 25727666 24636989 0.958 0.890 0.010 0.612 0.279 
DK017 10190417 9829848 0.965 0.898 0.008 0.467 0.082 
DK018 11794589 11277865 0.956 0.876 0.011 0.502 0.107 
DK019 17504572 16951469 0.968 0.911 0.007 0.552 0.186 
DK020 19785357 19115067 0.966 0.936 0.004 0.555 0.201 
DK021 14431190 13792229 0.956 0.849 0.014 0.548 0.154 
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DK022 16259818 15703747 0.966 0.901 0.008 0.535 0.164 
DK023 15532148 14882020 0.958 0.893 0.010 0.535 0.157 
DK024 13949563 13364997 0.958 0.870 0.012 0.540 0.142 
DK025 33490023 31909844 0.953 0.850 0.015 0.673 0.402 
DK026 23543088 22440671 0.953 0.866 0.013 0.624 0.285 
DK027 13447117 12938803 0.962 0.884 0.009 0.520 0.132 
DK028 2188010 2102524 0.961 0.916 0.007 0.168 0.006 
DK029 13997579 13304612 0.950 0.859 0.013 0.541 0.142 
DK030 4899470 4674921 0.954 0.824 0.017 0.343 0.024 
DK031 12549947 11937162 0.951 0.829 0.018 0.533 0.126 
DK032 14961217 14359765 0.960 0.907 0.008 0.521 0.148 
DK033 16965838 16368196 0.965 0.895 0.008 0.554 0.188 
DK034 8845102 8426132 0.953 0.799 0.018 0.483 0.081 
DK035 12768880 12053543 0.944 0.816 0.020 0.524 0.128 
DK036 7108202 6802745 0.957 0.810 0.017 0.426 0.050 
DK037 26972858 25705687 0.953 0.856 0.015 0.646 0.319 
DK038 26305807 25267422 0.961 0.836 0.016 0.646 0.320 
DK039 68531589 65876446 0.961 0.862 0.014 0.721 0.560 
DK040 28178710 27028176 0.959 0.867 0.013 0.646 0.330 
DK041 23514442 22577926 0.960 0.862 0.013 0.632 0.299 
DK042 24262108 23100184 0.952 0.865 0.013 0.627 0.290 
DK043 16309589 15716166 0.964 0.894 0.009 0.546 0.182 
DK044 107678 101312 0.941 0.864 0.018 0.012 0.000 
DK045 125835 118539 0.942 0.844 0.030 0.013 0.000 
DK046 15031956 14379624 0.957 0.872 0.011 0.531 0.155 
DK047 27004949 25900884 0.959 0.863 0.014 0.639 0.325 
DK048 55406780 53102129 0.958 0.875 0.012 0.706 0.516 
DK049 15328993 14708992 0.960 0.868 0.011 0.553 0.160 
DK050 16879833 16288350 0.965 0.906 0.008 0.558 0.177 
DK051 21270345 20540960 0.966 0.934 0.005 0.541 0.224 
DK052 16905588 16044856 0.949 0.886 0.009 0.563 0.185 
DK053 17403647 16610462 0.954 0.860 0.011 0.577 0.217 
DK054 26514713 25336901 0.956 0.893 0.011 0.605 0.291 
DK055 4338263 4154693 0.958 0.924 0.007 0.243 0.018 
DK056 21167944 20359243 0.962 0.879 0.010 0.608 0.259 
DK057 21604136 20744124 0.960 0.935 0.005 0.566 0.229 
DK058 13652907 13117725 0.961 0.872 0.011 0.527 0.127 
DK059 26102177 24950757 0.956 0.851 0.015 0.644 0.317 
DK060 21528892 20781747 0.965 0.920 0.006 0.587 0.241 
DK061 65347394 62437618 0.955 0.872 0.013 0.729 0.552 
DK062 36144737 34459971 0.953 0.876 0.013 0.674 0.407 
DK063 28014738 26876940 0.959 0.875 0.012 0.646 0.338 
DK064 17982890 17208216 0.957 0.863 0.014 0.592 0.208 
DK065 421704 397950 0.944 0.835 0.019 0.046 0.001 
DK066 146605 139051 0.948 0.865 0.019 0.016 0.000 
DK067 26607647 25441422 0.956 0.878 0.012 0.641 0.316 
DK068 22940932 22032697 0.960 0.854 0.014 0.626 0.268 
DK069 18290390 17526839 0.958 0.858 0.014 0.595 0.213 
DK070 26127847 25002000 0.957 0.908 0.009 0.600 0.277 
DK071 10626048 10154050 0.956 0.870 0.012 0.490 0.093 
DK072 45503362 43583016 0.958 0.888 0.011 0.689 0.477 
DK073 33790704 32592008 0.965 0.799 0.014 0.690 0.494 
DK074 14989432 14330992 0.956 0.879 0.013 0.543 0.152 
DK075 16524744 15831623 0.958 0.877 0.013 0.551 0.179 
DK076 13357453 12870482 0.964 0.911 0.008 0.498 0.127 
DK077 22314744 21141274 0.947 0.868 0.011 0.586 0.277 
DK078 15094860 14514145 0.962 0.866 0.013 0.555 0.156 
DK079 16194692 15627990 0.965 0.913 0.007 0.536 0.165 
DK080 15072862 14507280 0.962 0.882 0.010 0.545 0.160 
DK081 13441986 12951986 0.964 0.865 0.011 0.541 0.139 
DK082 10118563 9666592 0.955 0.837 0.015 0.491 0.090 
DK083 19359646 18490730 0.955 0.922 0.006 0.551 0.200 
DK084 27102938 25349349 0.935 0.866 0.012 0.641 0.318 
DK085 15365762 14739151 0.959 0.891 0.009 0.549 0.168 
DK086 34165166 32064069 0.939 0.885 0.014 0.655 0.361 
DK087 28353723 26263478 0.926 0.870 0.016 0.606 0.297 
DK088 26532420 24912256 0.939 0.892 0.012 0.622 0.277 
DK089 10872609 10372289 0.954 0.855 0.014 0.499 0.102 
DK090 8949149 8564081 0.957 0.880 0.010 0.442 0.070 
DK091 8123658 7671453 0.944 0.915 0.010 0.385 0.054 
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DK092 33598888 31247555 0.930 0.901 0.012 0.631 0.334 
DK093 24620152 23651670 0.961 0.901 0.008 0.607 0.293 
DK094 23227822 21805533 0.939 0.865 0.017 0.604 0.261 
DK095 12950748 12288160 0.949 0.866 0.013 0.532 0.140 
DK096 11372858 10887163 0.957 0.858 0.013 0.510 0.110 
DK097 39872627 37873844 0.950 0.918 0.009 0.645 0.369 
DK098 28172014 26337216 0.935 0.915 0.010 0.608 0.268 
DK099 12901179 12385671 0.960 0.888 0.010 0.511 0.122 
DK100 27884626 26176345 0.939 0.865 0.018 0.649 0.301 
DK101 37231906 35458795 0.952 0.933 0.008 0.601 0.326 
DK102 23870105 22388306 0.938 0.843 0.022 0.636 0.270 
DK103 34002906 32517950 0.956 0.880 0.011 0.653 0.384 
DK104 37311762 35578805 0.954 0.932 0.008 0.619 0.332 
DK105 19805999 18981867 0.958 0.898 0.009 0.580 0.221 
DK106 16120916 15357177 0.953 0.913 0.009 0.529 0.157 
DK107 28044012 26100924 0.931 0.872 0.017 0.634 0.297 
DK108 24608714 23578991 0.958 0.898 0.010 0.607 0.284 
DK109 9924919 9566512 0.964 0.928 0.006 0.417 0.077 
DK110 14748796 14215124 0.964 0.895 0.009 0.537 0.157 
DK111 14716182 14065975 0.956 0.912 0.009 0.501 0.143 
DK112 13697869 13066693 0.954 0.881 0.012 0.530 0.136 
DK113 14312563 13662495 0.955 0.903 0.009 0.513 0.140 
DK114 15855187 15208531 0.959 0.897 0.010 0.551 0.166 
DK115 596266 568480 0.953 0.924 0.009 0.050 0.001 
DK116 27939928 26846293 0.961 0.914 0.007 0.610 0.311 
DK117 16032368 15362341 0.958 0.907 0.008 0.543 0.172 
DK118 13177355 12662416 0.961 0.894 0.010 0.523 0.129 
DK119 19494095 18666523 0.958 0.888 0.011 0.577 0.210 
DK120 24664325 23488243 0.952 0.903 0.010 0.591 0.262 
DK121 20056665 19121503 0.953 0.891 0.011 0.571 0.223 
DK122 18949227 18167674 0.959 0.901 0.007 0.540 0.215 
DK123 9971328 9523458 0.955 0.834 0.014 0.500 0.099 
DK124 15407471 14784169 0.960 0.902 0.008 0.517 0.160 
DK125 16478335 15801726 0.959 0.893 0.009 0.544 0.180 
DK126 13960574 13419004 0.961 0.898 0.008 0.521 0.142 
DK127 12476417 11944482 0.957 0.899 0.011 0.500 0.114 
DK128 10940047 10279477 0.940 0.914 0.010 0.418 0.084 
DK129 23380863 22553701 0.965 0.945 0.004 0.563 0.233 
DK130 12846083 12344984 0.961 0.891 0.010 0.510 0.126 
DK131 20147398 19313298 0.959 0.901 0.009 0.574 0.218 
DK132 22200557 21282808 0.959 0.944 0.004 0.561 0.219 
DK133 12456257 11977604 0.962 0.886 0.011 0.505 0.118 
DK134 9875957 9458868 0.958 0.887 0.010 0.461 0.078 
DK135 8265394 7922358 0.958 0.899 0.008 0.415 0.061 
DK136 28494297 27430393 0.963 0.911 0.008 0.625 0.325 
DK137 12044334 11424620 0.949 0.830 0.015 0.520 0.125 
DK138 17267481 16437390 0.952 0.897 0.009 0.564 0.190 
DK139 9521188 9061969 0.952 0.860 0.013 0.445 0.088 
DK140 26743374 25720450 0.962 0.912 0.009 0.609 0.289 
DK141 20043117 19199990 0.958 0.909 0.008 0.575 0.226 
DK142 8477629 8035666 0.948 0.924 0.006 0.383 0.061 
DK143 15202864 14602070 0.960 0.897 0.010 0.551 0.154 
DK144 11048383 10553923 0.955 0.845 0.013 0.514 0.111 
DK145 16783583 16180072 0.964 0.900 0.009 0.557 0.177 
DK146 12701171 12127210 0.955 0.899 0.009 0.494 0.119 
DK147 11481174 10903313 0.950 0.833 0.017 0.509 0.103 
DK148 14160606 13553701 0.957 0.875 0.011 0.534 0.137 
DK149 6710257 6411029 0.955 0.829 0.016 0.392 0.040 
DK150 10974037 10521303 0.959 0.851 0.012 0.495 0.091 
DK151 10140030 9720674 0.959 0.896 0.009 0.460 0.087 
DK152 28277331 27189363 0.962 0.887 0.011 0.640 0.345 
DK153 30758745 29533524 0.960 0.879 0.010 0.649 0.356 
DK154 14364747 13782077 0.959 0.871 0.011 0.545 0.147 
DK155 8892650 8480103 0.954 0.908 0.009 0.403 0.063 
DK156 10862004 10402306 0.958 0.877 0.013 0.491 0.098 
DK157 16580269 15579403 0.940 0.834 0.017 0.571 0.174 
DK158 14078912 13538436 0.962 0.872 0.009 0.527 0.134 
DK159 12253129 11722203 0.957 0.898 0.011 0.487 0.111 
DK160 24274896 22963434 0.946 0.834 0.017 0.634 0.293 
DK161 23770782 22648739 0.953 0.842 0.015 0.638 0.304 
Chapter 3 
 
123 
 
DK162 7225438 6861036 0.950 0.831 0.018 0.418 0.048 
DK163 36226759 34865613 0.962 0.902 0.009 0.646 0.391 
DK164 41711217 39874812 0.956 0.887 0.011 0.667 0.439 
DK165 38380876 36660662 0.955 0.889 0.010 0.663 0.410 
DK166 16762539 16045716 0.957 0.885 0.009 0.549 0.182 
DK167 14619092 13946167 0.954 0.855 0.014 0.558 0.161 
DK168 16121225 15420899 0.957 0.823 0.014 0.584 0.202 
DK169 38491538 37209753 0.967 0.892 0.008 0.662 0.428 
DK170 10670026 10227068 0.958 0.882 0.011 0.492 0.097 
DK171 21976490 21253922 0.967 0.895 0.008 0.588 0.262 
DK172 24328581 23117965 0.950 0.865 0.015 0.627 0.286 
DK173 15016330 14449174 0.962 0.897 0.009 0.543 0.161 
DK174 20057699 19290759 0.962 0.911 0.007 0.564 0.210 
DK175 15361294 14628672 0.952 0.877 0.011 0.560 0.170 
DK176 28940412 27829791 0.962 0.898 0.010 0.629 0.338 
DK177 14474742 13924344 0.962 0.916 0.007 0.502 0.146 
DK178 18558280 17933977 0.966 0.916 0.006 0.549 0.200 
DK179 16869533 15950967 0.946 0.897 0.009 0.559 0.185 
DK180 29987963 28735837 0.958 0.911 0.008 0.610 0.319 
DK181 16603508 15915059 0.959 0.864 0.015 0.576 0.187 
DK182 14777014 14180081 0.960 0.867 0.013 0.556 0.156 
DK183 18716914 17833803 0.953 0.851 0.015 0.600 0.214 
DK184 28989314 27872703 0.961 0.868 0.013 0.654 0.358 
DK185 14669133 14092941 0.961 0.888 0.011 0.546 0.155 
DK186 30701498 29141603 0.949 0.863 0.014 0.661 0.371 
DK187 38840046 37240099 0.959 0.863 0.013 0.685 0.437 
DK188 12526853 12050980 0.962 0.906 0.010 0.499 0.117 
DK189 41495722 39661586 0.956 0.875 0.014 0.683 0.459 
DK190 26782251 25673169 0.959 0.878 0.013 0.640 0.332 
DK191 21511770 20621902 0.959 0.874 0.013 0.625 0.257 
DK192 13541283 12964566 0.957 0.906 0.011 0.495 0.121 
DK193 31077882 29918548 0.963 0.884 0.010 0.649 0.373 
DK194 24492457 23646759 0.965 0.892 0.009 0.608 0.290 
DK195 37604942 36321292 0.966 0.896 0.009 0.659 0.414 
DK196 17329972 16614580 0.959 0.898 0.008 0.561 0.195 
DK197 17472576 16841574 0.964 0.905 0.008 0.551 0.192 
DK198 14931005 14197259 0.951 0.890 0.010 0.532 0.146 
DK199 25624664 24594343 0.960 0.905 0.007 0.609 0.298 
DK200 20748766 19940317 0.961 0.859 0.014 0.603 0.236 
DK201 25099881 24225124 0.965 0.891 0.009 0.612 0.282 
DK202 20509114 19718055 0.961 0.878 0.012 0.587 0.234 
DK203 24849152 24027832 0.967 0.897 0.008 0.612 0.297 
DK204 70480 67434 0.957 0.858 0.015 0.008 0.000 
DK205 15872681 15198404 0.958 0.876 0.011 0.558 0.172 
DK206 45818238 44147895 0.964 0.898 0.008 0.667 0.448 
DK207 13637254 13078332 0.959 0.890 0.011 0.513 0.120 
DK208 17207063 16594917 0.964 0.893 0.008 0.558 0.193 
DK209 11623769 11175836 0.961 0.882 0.010 0.494 0.099 
DK210 13053912 12587487 0.964 0.881 0.010 0.522 0.123 
DK211 37783106 36245330 0.959 0.884 0.010 0.653 0.400 
DK212 22241234 21408986 0.963 0.895 0.009 0.604 0.251 
DK213 34646578 33369712 0.963 0.895 0.008 0.648 0.391 
DK214 15260823 14626197 0.958 0.883 0.010 0.541 0.161 
DK215 13076612 12401851 0.948 0.870 0.013 0.517 0.118 
DK216 20156987 19463804 0.966 0.882 0.010 0.590 0.232 
DK217 22165657 21027466 0.949 0.861 0.013 0.619 0.256 
DK218 16011828 15384714 0.961 0.862 0.012 0.576 0.173 
DK219 43341812 41268420 0.952 0.886 0.011 0.670 0.445 
DK220 29648227 28520979 0.962 0.885 0.010 0.657 0.347 
DK221 42659466 40890908 0.959 0.895 0.009 0.659 0.425 
DK222 21575520 20794588 0.964 0.904 0.008 0.580 0.242 
DK223 41455957 40010410 0.965 0.904 0.008 0.670 0.422 
DK224 23755727 22897898 0.964 0.898 0.008 0.595 0.276 
DK225 36828269 35262515 0.957 0.884 0.011 0.654 0.395 
DK226 27387410 26035878 0.951 0.900 0.008 0.615 0.312 
DK227 16740016 16096155 0.962 0.896 0.009 0.550 0.186 
DK229 44323238 42164712 0.951 0.857 0.015 0.682 0.450 
DK230 72374333 69102317 0.955 0.877 0.013 0.721 0.568 
DK231 20384208 19414789 0.952 0.857 0.016 0.601 0.227 
DK232 59175839 56705359 0.958 0.872 0.013 0.709 0.535 
Chapter 3 
 
124 
 
DK233 23633491 22510872 0.952 0.854 0.015 0.625 0.284 
DK234 15029752 14492092 0.964 0.882 0.010 0.544 0.165 
DK235 23729501 22586015 0.952 0.870 0.014 0.622 0.275 
DK236 19001245 18136636 0.954 0.859 0.015 0.592 0.219 
DK237 42960037 41080956 0.956 0.864 0.014 0.686 0.456 
DK238 24212642 23091469 0.954 0.856 0.015 0.628 0.300 
DK239 33093256 31765645 0.960 0.866 0.013 0.661 0.395 
DK240 19233808 18419970 0.958 0.871 0.012 0.594 0.221 
DK241 18163353 17521127 0.965 0.882 0.010 0.585 0.215 
DK242 24291587 23266622 0.958 0.863 0.015 0.628 0.290 
DK243 29255981 28120966 0.961 0.868 0.013 0.650 0.343 
DK244 37357273 35830548 0.959 0.871 0.013 0.674 0.423 
DK245 23913877 23055868 0.964 0.880 0.011 0.627 0.283 
DK246 19445076 18552646 0.954 0.862 0.015 0.604 0.224 
DK247 46928191 45062656 0.960 0.870 0.013 0.692 0.486 
DK248 11892740 11463616 0.964 0.875 0.012 0.506 0.106 
DK249 25532358 24359042 0.954 0.861 0.014 0.629 0.298 
DK250 54948218 52432011 0.954 0.861 0.015 0.702 0.515 
DK251 10835934 10407338 0.960 0.904 0.009 0.461 0.092 
DK252 4759683 4543297 0.955 0.899 0.011 0.290 0.022 
DK253 41345120 39699313 0.960 0.892 0.010 0.670 0.432 
DK254 19595288 18883342 0.964 0.887 0.010 0.583 0.232 
DK255 20959375 20270682 0.967 0.911 0.007 0.572 0.233 
DK256 32098099 30887143 0.962 0.880 0.010 0.651 0.372 
DK257 21161394 20459627 0.967 0.898 0.008 0.590 0.244 
DK258 13604869 13070350 0.961 0.869 0.011 0.527 0.127 
DK259 28680024 27571688 0.961 0.887 0.011 0.613 0.319 
DK260 40792369 38987655 0.956 0.866 0.011 0.666 0.421 
DK261 15780364 15150157 0.960 0.883 0.011 0.534 0.169 
DK262 16273469 15677022 0.963 0.888 0.010 0.553 0.177 
DK263 14948600 14415499 0.964 0.904 0.007 0.524 0.153 
DK264 35703392 34172186 0.957 0.872 0.012 0.648 0.376 
DK265 14715238 14171112 0.963 0.887 0.011 0.540 0.151 
DK266 22332704 21421448 0.959 0.883 0.010 0.601 0.259 
DK267 13697064 12968116 0.947 0.852 0.017 0.499 0.109 
DK268 32174716 30952921 0.962 0.893 0.009 0.640 0.364 
DK269 14558427 13744925 0.944 0.898 0.009 0.499 0.125 
DK270 16834951 16162240 0.960 0.884 0.010 0.557 0.181 
DK271 13878902 13393691 0.965 0.885 0.010 0.533 0.141 
DK272 15473671 14819861 0.958 0.885 0.012 0.541 0.161 
DK273 33140680 31748304 0.958 0.890 0.011 0.638 0.354 
DK274 32612139 31330263 0.961 0.881 0.009 0.644 0.354 
DK275 43858836 42120211 0.960 0.909 0.008 0.658 0.429 
DK276 33557214 32250255 0.961 0.880 0.009 0.654 0.400 
DK277 20678983 20068664 0.970 0.888 0.009 0.603 0.250 
DK278 10545705 10143212 0.962 0.870 0.013 0.486 0.093 
DK279 12690122 12152986 0.958 0.866 0.013 0.527 0.127 
DK280 26861982 25887742 0.964 0.861 0.013 0.644 0.343 
DK281 8428071 8141971 0.966 0.892 0.010 0.432 0.064 
DK282 14950322 14376932 0.962 0.885 0.010 0.549 0.165 
DK283 10723647 10303965 0.961 0.886 0.011 0.478 0.094 
DK284 19540645 18724139 0.958 0.894 0.012 0.561 0.219 
DK285 13114375 12593586 0.960 0.886 0.011 0.519 0.129 
DK286 13670871 13083562 0.957 0.868 0.012 0.535 0.145 
DK287 15079497 14516640 0.963 0.880 0.011 0.544 0.162 
DK288 14121885 13518028 0.957 0.862 0.013 0.548 0.145 
DK289 16530888 15929800 0.964 0.886 0.010 0.560 0.176 
DK290 24082600 23196338 0.963 0.860 0.012 0.620 0.284 
DK291 22210286 21279133 0.958 0.876 0.013 0.600 0.242 
DK292 24514949 23614706 0.963 0.920 0.007 0.565 0.247 
DK293 11388526 10974445 0.964 0.913 0.007 0.457 0.093 
DK294 13264565 12767983 0.963 0.925 0.006 0.477 0.118 
DK295 12014151 11546961 0.961 0.881 0.013 0.502 0.107 
DK296 23151990 22224039 0.960 0.902 0.009 0.583 0.242 
DK297 25820886 24854031 0.963 0.909 0.008 0.588 0.269 
DK298 38505989 37121710 0.964 0.908 0.008 0.629 0.374 
DK299 10349495 9924514 0.959 0.911 0.008 0.450 0.081 
DK300 10325013 9882272 0.957 0.840 0.016 0.483 0.084 
DK301 17127827 16498191 0.963 0.882 0.010 0.575 0.193 
DK302 16278685 15713795 0.965 0.903 0.007 0.542 0.168 
Chapter 3 
 
125 
 
DK303 35813958 34261649 0.957 0.896 0.010 0.647 0.382 
DK304 31023182 29753743 0.959 0.871 0.012 0.648 0.352 
DK305 39054320 37596899 0.963 0.903 0.008 0.650 0.403 
DK306 36129480 34794304 0.963 0.899 0.008 0.650 0.381 
DK307 11371652 10955959 0.963 0.887 0.009 0.482 0.100 
DK308 16450999 15861795 0.964 0.892 0.009 0.551 0.182 
DK309 14291759 13738832 0.961 0.894 0.008 0.519 0.142 
DK310 19273272 18413632 0.955 0.898 0.009 0.561 0.204 
DK311 13435775 12929170 0.962 0.895 0.008 0.511 0.123 
DK312 22926394 22022816 0.961 0.898 0.008 0.591 0.254 
DK313 33690713 32345740 0.960 0.870 0.011 0.657 0.385 
DK314 21847715 20957160 0.959 0.897 0.008 0.580 0.239 
DK315 17969067 17200914 0.957 0.856 0.014 0.568 0.190 
DK316 18595479 17938191 0.965 0.897 0.007 0.561 0.204 
DK317 20107403 19393895 0.965 0.896 0.008 0.573 0.235 
DK318 37752383 36502089 0.967 0.904 0.008 0.645 0.381 
DK319 15703968 15103592 0.962 0.900 0.008 0.525 0.158 
DK320 32919779 31192731 0.948 0.898 0.009 0.626 0.346 
DK321 24595255 23777644 0.967 0.909 0.007 0.588 0.263 
DK322 12500695 11922219 0.954 0.869 0.012 0.517 0.117 
DK323 22609486 21758326 0.962 0.901 0.007 0.582 0.242 
DK324 16914811 16241151 0.960 0.874 0.011 0.563 0.176 
DK325 18822752 18117462 0.963 0.895 0.008 0.566 0.205 
DK326 29853672 28675605 0.961 0.877 0.011 0.631 0.335 
DK327 21837582 20984097 0.961 0.888 0.012 0.591 0.247 
DK328 21687792 20947407 0.966 0.892 0.008 0.578 0.246 
DK329 10406327 9954546 0.957 0.883 0.012 0.473 0.086 
DK330 16617042 15931438 0.959 0.864 0.014 0.564 0.184 
DK331 13294006 12812299 0.964 0.882 0.011 0.520 0.130 
DK332 13425624 12763222 0.951 0.860 0.014 0.526 0.126 
DK333 18189955 17506509 0.962 0.896 0.008 0.560 0.199 
DK334 17593519 16979895 0.965 0.899 0.008 0.548 0.182 
DK335 21098786 20195396 0.957 0.879 0.012 0.587 0.223 
DK336 26679791 25483625 0.955 0.874 0.011 0.635 0.318 
DK337 14195202 13012957 0.917 0.869 0.013 0.546 0.144 
DK338 15672834 15157985 0.967 0.904 0.007 0.523 0.157 
DK339 20408604 19684743 0.965 0.874 0.010 0.600 0.234 
DK340 34166397 32806373 0.960 0.894 0.009 0.630 0.362 
DK341 20725671 19951834 0.963 0.910 0.007 0.569 0.220 
DK342 11284459 10849543 0.961 0.858 0.014 0.496 0.096 
DK343 25242238 24241527 0.960 0.893 0.010 0.615 0.286 
DK344 20168426 19326619 0.958 0.887 0.010 0.591 0.239 
DK345 36271792 34798889 0.959 0.859 0.012 0.672 0.420 
DK346 12781481 12259715 0.959 0.885 0.010 0.500 0.112 
DK347 23996107 22993066 0.958 0.876 0.013 0.618 0.285 
DK348 12050544 11591362 0.962 0.868 0.011 0.506 0.113 
DK349 19584329 18816768 0.961 0.893 0.010 0.579 0.216 
DK350 14360503 13742319 0.957 0.863 0.014 0.546 0.144 
DK351 13061314 12587890 0.964 0.886 0.011 0.519 0.121 
DK352 21847949 20960882 0.959 0.911 0.009 0.564 0.226 
DK353 20883115 19919701 0.954 0.873 0.012 0.603 0.249 
DK354 12831245 12210159 0.952 0.908 0.009 0.483 0.112 
DK355 15808109 15145176 0.958 0.878 0.010 0.549 0.163 
DK356 13197147 12679972 0.961 0.895 0.010 0.516 0.122 
DK357 34633006 33337958 0.963 0.889 0.010 0.657 0.400 
DK358 26465075 25443632 0.961 0.877 0.011 0.636 0.303 
DK359 9708800 9307737 0.959 0.873 0.013 0.454 0.073 
DK360 42043500 40377697 0.960 0.877 0.013 0.678 0.447 
DK361 26947119 25896272 0.961 0.883 0.011 0.636 0.319 
DK362 16002999 15368545 0.960 0.883 0.010 0.557 0.168 
DK363 23796422 22677939 0.953 0.892 0.011 0.606 0.255 
DK364 152868 147202 0.963 0.876 0.012 0.017 0.000 
DK365 14022847 13508056 0.963 0.885 0.010 0.533 0.144 
DK366 11113547 10674738 0.961 0.920 0.008 0.447 0.091 
DK367 24847306 24008693 0.966 0.882 0.011 0.625 0.296 
DK368 36094959 34603204 0.959 0.874 0.012 0.669 0.415 
DK369 19126122 18242347 0.954 0.846 0.014 0.588 0.201 
DK370 15279336 14667529 0.960 0.885 0.012 0.539 0.147 
DK371 26709887 25671258 0.961 0.867 0.013 0.636 0.315 
DK372 29948609 28744550 0.960 0.866 0.013 0.650 0.370 
Chapter 3 
 
126 
 
DK373 30640408 29362845 0.958 0.896 0.009 0.636 0.329 
DK374 12813257 12250185 0.956 0.825 0.015 0.527 0.115 
DK375 36785234 35533630 0.966 0.889 0.009 0.654 0.384 
DK376 12605082 11963750 0.949 0.813 0.018 0.525 0.114 
DK377 22599439 21808010 0.965 0.903 0.007 0.585 0.245 
DK378 24238968 23374851 0.964 0.879 0.009 0.606 0.283 
DK379 24642693 23599659 0.958 0.844 0.014 0.621 0.279 
DK380 22328523 21504780 0.963 0.910 0.009 0.563 0.231 
DK381 16733116 16088197 0.961 0.867 0.011 0.572 0.185 
DK382 14676065 14173198 0.966 0.899 0.009 0.530 0.144 
DK383 9708344 9149796 0.942 0.882 0.011 0.449 0.075 
DK384 26383223 25188908 0.955 0.883 0.010 0.614 0.294 
DK385 26881313 25688220 0.956 0.898 0.012 0.610 0.287 
DK386 12637762 12102588 0.958 0.874 0.012 0.511 0.114 
DK387 17734918 17068831 0.962 0.887 0.010 0.557 0.192 
DK388 27215418 25914815 0.952 0.867 0.012 0.633 0.326 
DK389 29585035 28434822 0.961 0.901 0.011 0.623 0.328 
DK390 14333587 13719946 0.957 0.887 0.012 0.533 0.141 
DK391 17503548 16852689 0.963 0.889 0.010 0.569 0.196 
DK392 20028163 19228750 0.960 0.892 0.010 0.590 0.226 
DK393 13911018 13376422 0.962 0.880 0.013 0.527 0.134 
DK394 16393110 15694797 0.957 0.879 0.013 0.552 0.169 
DK395 25543183 24594338 0.963 0.898 0.011 0.616 0.288 
DK396 23606348 22732178 0.963 0.880 0.012 0.611 0.267 
DK397 13497948 12940449 0.959 0.883 0.011 0.520 0.129 
DK398 12384098 11913363 0.962 0.893 0.010 0.486 0.102 
DK399 16703711 15946512 0.955 0.875 0.012 0.568 0.184 
DK400 18241326 17546179 0.962 0.895 0.009 0.568 0.201 
DK401 13636052 13010227 0.954 0.866 0.013 0.540 0.134 
DK402 15028071 14433165 0.960 0.888 0.010 0.539 0.159 
DK403 12570036 12104496 0.963 0.901 0.008 0.489 0.112 
DK404 15872625 15034734 0.947 0.869 0.015 0.535 0.143 
DK405 21094850 20404993 0.967 0.909 0.007 0.574 0.230 
DK406 28244478 26993044 0.956 0.853 0.013 0.648 0.344 
DK407 15169959 14667076 0.967 0.888 0.011 0.547 0.156 
DK408 24762699 23711285 0.958 0.867 0.013 0.629 0.294 
DK409 22528209 21585114 0.958 0.871 0.013 0.602 0.251 
DK410 23266010 22160926 0.953 0.857 0.016 0.611 0.258 
DK411 9946436 9506108 0.956 0.855 0.013 0.472 0.080 
DK412 10849257 10484462 0.966 0.893 0.010 0.477 0.088 
DK413 24298680 23494945 0.967 0.885 0.011 0.605 0.268 
DK414 20763513 19989131 0.963 0.886 0.010 0.604 0.234 
DK415 16106757 15535111 0.965 0.888 0.009 0.517 0.157 
DK416 30095283 28940843 0.962 0.877 0.011 0.641 0.349 
DK417 16958495 16366492 0.965 0.920 0.006 0.507 0.164 
DK418 16518696 15902722 0.963 0.907 0.008 0.521 0.165 
DK419 17366678 16755905 0.965 0.903 0.007 0.544 0.175 
DK420 20728726 19988671 0.964 0.878 0.009 0.587 0.224 
DK421 13148266 12611805 0.959 0.882 0.012 0.516 0.129 
DK422 11522328 11122294 0.965 0.875 0.011 0.496 0.103 
DK423 15178146 14635240 0.964 0.896 0.008 0.533 0.154 
DK424 42029568 40550805 0.965 0.904 0.007 0.657 0.424 
DK425 12437622 11959813 0.962 0.879 0.012 0.505 0.114 
DK426 14726106 14151127 0.961 0.902 0.009 0.516 0.139 
DK427 12251942 11795482 0.963 0.886 0.009 0.495 0.105 
DK428 16269424 15703488 0.965 0.896 0.008 0.541 0.174 
DK429 17815616 17208962 0.966 0.895 0.008 0.554 0.195 
DK430 16419829 15857321 0.966 0.900 0.008 0.545 0.177 
DK431 33354344 32253128 0.967 0.898 0.008 0.637 0.354 
DK432 15169723 14666732 0.967 0.893 0.007 0.529 0.147 
DK433 9208763 8864353 0.963 0.902 0.010 0.424 0.065 
DK434 16474786 15784018 0.958 0.896 0.009 0.551 0.175 
DK435 18987561 18297359 0.964 0.889 0.008 0.569 0.199 
DK436 12602582 12112086 0.961 0.888 0.011 0.498 0.112 
DK437 34680793 33226708 0.958 0.897 0.008 0.637 0.371 
DK438 12583121 12090760 0.961 0.878 0.012 0.516 0.117 
DK439 18126455 17508190 0.966 0.887 0.009 0.564 0.201 
DK440 18253564 17598272 0.964 0.900 0.009 0.549 0.200 
DK441 23661031 22329560 0.944 0.895 0.010 0.592 0.245 
DK442 23830078 22961811 0.964 0.904 0.010 0.591 0.263 
Chapter 3 
 
127 
 
DK443 22705952 21878547 0.964 0.893 0.010 0.602 0.261 
DK444 16910861 16355896 0.967 0.898 0.008 0.550 0.185 
DK445 32669593 31561983 0.966 0.895 0.008 0.626 0.345 
DK446 29491714 28513126 0.967 0.894 0.008 0.631 0.328 
DK447 35659470 34404778 0.965 0.896 0.008 0.648 0.377 
DK448 17792949 16944757 0.952 0.897 0.008 0.556 0.187 
DK449 20074361 19212459 0.957 0.899 0.010 0.561 0.206 
DK450 32196271 30945664 0.961 0.884 0.011 0.634 0.347 
DK451 11338325 10904867 0.962 0.901 0.010 0.456 0.088 
DK452 10741727 10333115 0.962 0.905 0.010 0.464 0.088 
DK453 12580989 11978351 0.952 0.903 0.011 0.450 0.090 
DK454 5084149 4854052 0.955 0.884 0.010 0.324 0.025 
DK455 9702502 9297049 0.958 0.887 0.010 0.449 0.075 
DK456 8815269 8529155 0.968 0.887 0.009 0.435 0.063 
DK457 13740328 13221097 0.962 0.886 0.009 0.529 0.138 
DK458 14396330 13877423 0.964 0.890 0.009 0.523 0.146 
DK459 9989301 9617739 0.963 0.893 0.009 0.459 0.082 
DK460 25942082 24950935 0.962 0.889 0.010 0.609 0.293 
DK461 14080068 13609730 0.967 0.893 0.009 0.517 0.139 
DK462 27085183 26156031 0.966 0.882 0.010 0.633 0.328 
DK463 17788232 17021028 0.957 0.869 0.012 0.584 0.203 
DK464 16295980 15738351 0.966 0.898 0.007 0.551 0.171 
DK465 13961699 13458451 0.964 0.878 0.011 0.534 0.139 
DK466 21198998 20496068 0.967 0.893 0.008 0.591 0.247 
DK467 21407463 20777986 0.971 0.894 0.007 0.589 0.240 
DK468 24358195 23497555 0.965 0.891 0.008 0.610 0.285 
DK469 15304019 14676140 0.959 0.868 0.011 0.556 0.158 
DK470 14598159 14037546 0.962 0.884 0.011 0.536 0.148 
DK471 18823459 18122416 0.963 0.871 0.010 0.584 0.219 
DK472 22505994 21288366 0.946 0.886 0.009 0.598 0.248 
DK473 21988204 21124232 0.961 0.884 0.010 0.597 0.245 
DK474 18836155 18192692 0.966 0.900 0.007 0.566 0.198 
DK475 15339029 14684441 0.957 0.879 0.012 0.547 0.160 
DK476 25109983 24269336 0.967 0.886 0.010 0.620 0.287 
DK477 15992560 15285027 0.956 0.877 0.013 0.555 0.163 
DK478 11878353 11443969 0.963 0.864 0.011 0.514 0.112 
DK479 23884430 22844595 0.956 0.899 0.011 0.597 0.257 
DK480 11628214 11194681 0.963 0.898 0.009 0.474 0.095 
 
Table S3 – SNP filtering. Thunder SNPs are the set of SNPs called by the LD aware variant calling pipeline 
with filtering based on imputation probability and SNP quality. Post Filtering shows how many SNPs 
remained after applying a variety of genotype filters based on depth, strand imbalance and proximity to 
INDELs.  
Chrom Length (Mbp) Thunder SNPs Post Filtering  Within Genes 
1 44.9 556,765 205,709 89,452 
2 59.5 612,709 225,441 101,060 
3 84.0 577,297 238,359 96,784 
4 41.2 469,869 177,685 69,674 
5 76.2 530,964 226,415 87,216 
6 57.5 699,461 246,235 122,275 
7 54.8 487,371 184,956 80,986 
8 72.5 828,598 330,560 133,123 
9 39.3 485,226 179,521 76,988 
10 37.8 493,458 176,944 83,353 
11 44.8 533,452 195,784 92,326 
Total 612.5 6,275,170 2,387,609 1,033,237 
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Fig S1 - Maternal seed sources. Satellite view of the West Wyalong region. This is within the native range 
of E. polybractea. Coloured pins show the locations of the 37 of the mother trees used as open-pollinated seed 
sources for the progeny trial. The remaining 3 mother trees were located in the first generation seed orchard 
at GR Davis. The different colours represent 5 sub-regions. 
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Fig S2 – sequencing and genotype depth. A) proportion of the E. grandis genome covered by depth 
between 1 and 12 per sample. B) depth per genotype of unfiltered Thunder SNPs in all samples across 
chromosome 1 
 
 
Fig S3 - probability of indirect effect on oil traits from multivariate association of SNPs around 31.75 
Mbp on chromosome 1, . Brighter colour indicates higher probability of effect. 
2x 
5x 
A 
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Introduction 
Breeding and selection in long-lived tree species faces several challenges that reduce gain per unit 
time. Firstly, it can take years for progeny to reach maturity, which extends the cycle time for 
selection of mature traits. Secondly, estimation of breeding values with the traditional best linear 
unbiased prediction (BLUP) animal model (Henderson 1984) is reliant on pedigree information to 
describe the genetic covariance between individuals. Pairwise relationship values are determined by 
their assumed proportion of commonly inherited DNA, such as 0.25 for open-pollinated half-
siblings. In reality, siblings may share considerably more or less DNA due to Mendelian sampling 
and inbreeding. Furthermore, in open-pollinated tree species such as white spruce (Picea glauca) 
(Beaulieu et al. 2014) or Loblolly pine (Pinus taeda) (Zapata-Valenzuela et al. 2013) the pedigree is 
often shallow and uncertain (Isik 2014), so relationships between progeny may be incorrectly 
assigned, resulting in lower accuracy of estimated breeding value (EBV). Finally, many important 
quantitative traits are highly polygenic with numerous QTLs of mostly small effect, so marker 
assisted selection (MAS) is not useful because too many loci need to be tracked in the breeding 
population (Holland 2004; Isik 2014). Genomic selection (GS), however, is a form of marker-
assisted breeding that can address these issues. 
In GS the additive genetic effects of genome-wide markers (e.g. SNPs) are jointly estimated so that 
an individual’s breeding value can be predicted solely from their genotype (Meuwissen et al. 2001). 
Initially a training population is both phenotyped and genotyped in order to develop the genomic 
model. The model is then applied to the genotypes of un-phenotyped individuals in order to 
estimate their EBVs. Since individuals can be genotyped at a young age, selection on genomically 
estimated breeding value can be performed before the mature trait is observable, resulting in 
reduced cycle time and greater gain (Wong and Bernardo 2008; Grattapaglia and Resende 2011; 
Kumar et al. 2012). GS can also improve the accuracy of EBVs by capturing accurate relationships 
between genome-wide SNPs, or by directly modelling the genetic architecture of the trait. The 
errors and assumptions from pedigree-based BLUP are therefore corrected by GS (Munoz et al. 
2014).  
Due to its advantages over traditional methods, GS is becoming increasingly prevalent in plant and 
tree breeding, with studies moving from theoretical evaluations (Jannink et al. 2010; Grattapaglia 
and Resende 2011) to empirical model development. Some recent examples include White spruce 
(Beaulieu et al. 2014; Ratcliffe et al. 2017), Eucalyptus (Resende MDV et al. 2012; Tan et al. 2016), 
and Loblolly pine (Resende MFR et al. 2012; Zapata-Valenzuela et al. 2013). For traits such as 
wood density, height, diameter and growth, GS has consistently matched or exceeded the accuracy 
and gain from pedigree BLUP. To date, however, no study has investigated the use of GS for 
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improving the yield of tree-sourced essential oils, such as Eucalyptus oil sourced from the leaves of 
various eucalypt species. 
Eucalyptus polybractea (blue mallee) is one of the main species grown for commercial production of 
Eucalyptus oil in Australia due to its high foliar oil concentration up to 13% or more of dry weight 
(King et al. 2006; Kainer et al. 2017) containing a very high proportion of the terpene 1,8-cineole 
(up to 95%). Many E. polybractea plantations are bred from open pollinated seed sources that were 
selected from native stands for their relatively high oil concentration and high proportion of 1,8-
cineole. As a consequence, much of the existing commercial stock is undomesticated, resulting in 
inconsistent yields between years and lines (Goodger and Woodrow 2012). Due to great natural 
variation there is much scope for improvement in the traits that are important for oil yield: foliar oil 
concentration, cineole proportion, leafy biomass accumulation, coppice regrowth and survivability 
(Doran and Matheson 1994; Grant 1997; Doran 2002; Kainer et al. 2017). 
In this study we evaluate genomic selection for estimating breeding values for oil-yield related traits 
in an E. polybractea progeny trial of 40 half-sibling families. We first evaluate the predictive accuracy 
of pedigree BLUP, followed by genomic BLUP (G-BLUP). G-BLUP is a simple and robust 
approach where the pedigree-based relationship matrix in the animal model is exchanged for a 
realised genomic relationship matrix (GRM) derived from marker genotypes (VanRaden 2008). The 
GRM accurately accounts for genetic covariance between all individuals in the population, so G-
BLUP has the potential to improve on pedigree BLUP, and can maintain a level of accuracy for 
prediction in relatively unrelated populations. 
A shortcoming of G-BLUP is that each genotyped SNP is considered to explain an equally small 
(and non-zero) proportion of the total genetic variance, which is a fair approximation of the genetic 
architecture of some highly complex traits, but biologically unrealistic for many others (Daetwyler 
et al. 2010; de Los Campos et al. 2013; Zhang et al. 2016). In reality, when large numbers of SNPs 
are available, the majority probably have zero effect on the trait, some will have a small effect and a 
few (if any) will have a larger effect (Meuwissen et al. 2001). Yet in G-BLUP, the GRM is the same 
for each trait under investigation, regardless of genetic architecture of the trait 
BLUP|GA (i.e. BLUP given Genetic Architecture) seeks to address the shortcomings of G-BLUP 
while maintaining the simplicity of the G-BLUP framework (Zhang et al. 2014; Zhang et al. 2015). 
With BLUP|GA the SNP set is split into those believed to have an effect on the trait, and all 
others. The biologically important SNPs are then weighted so that they account for a greater 
proportion of the genetic variance in the GRM. A variety of information can be used to select and 
weight the important SNPs, such as GWAS effect sizes or genomic location. Zhang et al. (2015) 
showed that BLUP|GA outperformed G-BLUP and a range of Bayesian models in all six Loblolly 
pine traits tested. 
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Here we test BLUP-GA with six different approaches for selecting and weighting biologically 
important SNPs in eleven traits. We compare the predictive accuracy of BLUP|GA to G-BLUP 
under varying SNP densities and with both related and unrelated validation populations. We find 
that BLUP-GA almost always improves on G-BLUP, and that different weighting strategies work 
better depending on the trait and SNP density. The methods presented here will lead to greater 
gains in largely undomesticated essential oil crops, which will ensure future supply of an 
increasingly important natural product. 
Materials and methods 
Field site 
We selected twelve trees from each of 40 open pollinated half-sibling families (N = 480) in a 
progeny trial at the property of GR Davis Ltd, West Wyalong, Australia. The mother trees for 37 of 
the families are located in natural stands of E. polybractea in the immediate West Wyalong region and 
were selected for high essential oil and 1,8-cineole concentration. The mother trees for the 
remaining three families are located in the first generation seed orchard at the property. In the 
progeny trial, each half-sib family plot is planted as a double row of approximately 600 trees 
running in the East-West direction, with the family plots parallel to each other separated by 3 m. 
Within each family plot we sampled the twelve trees from only the Western end to minimise 
within-family environmental variance. 
Phenotypes 
We sampled fresh mature leaf in ethanol containing 0.25 g.L-1 of n-tetradecane for extraction of 
essential oil and subsequent GC-MS analysis to determine the concentration of individual terpenes 
such as 1,8-cineole (CIN) and α-pinene (APIN), the total concentration of all monoterpenes 
(MONO), the total concentration of all sesquiterpenes (SESQUI), and the total oil concentration 
(OC). The proportion of total oil that is 1,8-cineole (PCIN) was also calculated as it is a key trait for 
the production of pharmaceutical-grade Eucalyptus oil.  Three mature leaves per tree were dried and 
measured to calculate mean leaf area (LA) and leaf mass per area (LMA) per tree. Biomass traits 
such as height (HT) and crown area (CA) were measured in the field when the trees were both one 
year post-coppice (March 2013) and two years post-coppice (March 2014). The growth traits ∆HT 
and ∆CA represent the one year absolute change in height and the one year percentage change in 
crown area respectively. Full details of the field arrangement, tree measurements, oil extraction, 
GC-MS protocol and phenotypic data analysis can be found in Kainer et al. (2017). 
We accounted for east-west environmental variation within families by incorporating a postblock 
fixed effect after sampling. Environmental variation in the north–south axis across the 40 families 
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was accounted for by assigning each group of 8 consecutive families to a rowgroup fixed effect. 
Since the order of family plots was randomized, rowgroup effects are likely to be due to the 
environment rather than a family-level genetic effect. We fit the following linear mixed model to 
estimate fixed effects for each trait: 
𝑦 = 𝑿𝛽 + 𝒁𝑎 +  𝜀  (1) 
Where y is the vector of observed trait measures, β is the vector of fixed effects to be estimated for 
postblock and rowgroup, X is the design matrix which links observations to fixed effects, a is a 
vector of individual random genetic effects with distribution 𝑎 ~ 𝑁(0, 𝐴𝜎𝑎
2) and A is the pedigree 
relationship matrix, Z is the design matrix linking observations to random effects and ε is the vector 
of individual residual error random effects. The A-matrix was formed from the assumed half-sibling 
pedigree of the 40 families, where the diagonal is 1, within-family pairs have a coefficient of 
relationship of 0.25, and between family pairs have a coefficient of relationship of zero. The 
estimated fixed effects for postblock and rowgroup were subtracted from individual phenotypic 
values to produce adjusted phenotypes that were used for further analysis. 
Genotypes 
We used genotypes obtained from low coverage whole genome re-sequencing (WGS) in a GWAS 
of the same population (see Chapter 4 for details regarding DNA extraction, library preparation, 
NGS QC and variant calling). Out of the original 480 individuals, 468 were considered to have 
enough sequencing depth for genomic analyses.  
The WGS data contains over 2.3 m SNPs, with the vast majority having very low minor allele 
frequency (MAF). SNPs with very low MAF may introduce errors in genomic prediction since there 
is an increased chance that they do not segregate in both the training and validation population. 
Therefore we filtered out SNPs with MAF < 0.10, leaving 560,000 SNPs that we labelled as the 
500K set.  
To evaluate the effect of marker density on predictive accuracy, we produced two more SNP sets 
with progressively fewer markers. The first, 100K, contains approximately 120,000 SNPs with MAF 
> 0.10 after removing SNPs with pairwise LD R2 > 0.10 within a 1000 bp sliding window. The 
second, 10K, contains approximately 11,800 SNPs with MAF > 0.20 after removing SNPs with 
pairwise LD R2 > 0.10 within a large sliding window of 150 kb. 
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Pedigree BLUP (P-BLUP) 
We used the traditional animal model BLUP (Henderson 1984) to establish a benchmark for EBV 
accuracy in individuals which had not been phenotyped. The model is of the form: 
𝑦 = 1𝜇 + 𝒁𝑎 +  𝜀   (2) 
Where y is a vector of adjusted phenotypes, 1 is a vector of 1’s, μ is the mean fitted as a fixed effect, 
a is a vector of additive genetic random effects to be estimated (i.e. BLUPs of breeding values). Z is 
the design matrix relating individuals to additive genetic effects and ε is the vector of individual 
residual error random effects. The distribution of 𝑎 ~ 𝑁(0, 𝐴𝜎𝑎
2) where A is the pedigree 
relationship matrix and 𝜎𝑎
2 is the total additive genetic variance, while 𝜀 ~ 𝑁(0, 𝐼𝜎𝜀
2) where I is the 
identity matrix and 𝜎𝜀
2 is the residual error variance. Equation 2 was solved using REML by the 
mixed.solve function in the R package rrBLUP v4.4 (Endelman 2011) in order to predict the 
pedigree-based breeding values for each individual.  
Genomic BLUP (G-BLUP) 
We used G-BLUP as the default genomic selection model. G-BLUP uses the same general equation 
as model (2) but with the pedigree matrix A replaced by the realised genomic relationship matrix G. 
The G matrix is calculated from genotype data as per VanRaden (2008): 
𝑮 =  
MIMT
∑ 𝑝𝑖(1−𝑝𝑖)𝑖
   (3) 
where I is the identity matrix, M is a matrix of marker genotypes of dimensions m individuals x n 
markers, and pi is the minor allele frequency of the i-th marker. The genotype of each individual at 
each marker is represented by {-1,0,1} where 0 is heterozygous, -1 and 1 are the opposing 
homozygotes.  
We calculated G with the cpgen R package (Heuer 2016). We predicted breeding values and 
phenotypes for the individuals in the validation sets with using the kin.blup function in the R 
package rrBLUP. 
Weighted G-BLUP (BLUP|GA) 
BLUP|GA (Zhang et al. 2014; Zhang et al. 2015) is a weighted G-BLUP approach that makes use 
of known or assumed information regarding the genomic architecture (GA) of each trait. It is a 
marker selection procedure within the efficient G-BLUP framework. 
With BLUP|GA a subset of markers, MS, is selected from the full genotype matrix M, where MS 
contains SNPs that are assumed to define the genetic architecture of the trait. The process of 
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selecting a subset of markers that explain most of the trait’s genetic variance can be informed by 
different information sources, such as estimated marker effects or a-priori candidate gene studies. 
M and MS are then used to construct two GRMs, which are recombined into one trait-specific 
GRM, known as the T-matrix, for use in the standard G-BLUP model. 
𝐓 =  ω𝐒 + (1 − ω)𝐆   (4) 
where G is a standard GRM constructed from all SNPs according to equation 3; S is a GRM 
constructed from the MS SNPs, with the identity matrix (I) replaced by diag(D) 
𝐒 =
MSDM𝑆
′
2 ∑ pi(1−pi)𝑖
   (5) 
Diag(D) provides a fine-scaled weighting mechanism for the SNPs in the selected set MS by 
allowing for varying importance of individual SNPs within MS during the construction of the S 
matrix. To keep S on the same scale as G, diag(D) is normalised to have a mean of one. The 
genomic architecture weighting, ω, provides an easily adjusted coarse weighting mechanism that 
allows for varying importance of either S or G during the construction of the T matrix. The impact 
of S (and hence the MS SNPs) can vary from ω = 0 which is the equivalent of standard G-BLUP, 
to ω = 1 which applies maximum weighting to the S matrix and is the equivalent to using only the 
weighted MA SNPs. 
We tested the accuracy of prediction for 0 < ω < 1 in increments of 0.05. In addition to adjusting 
ω, we tested three methods for selecting MS and defining diag(D): 1) EFF. Additive effects were 
estimated for every SNP in M using the efficient expectation maximization Bayesian LASSO (least 
absolute shrinkage and selection operator) implementation in the bWGR package (Xavier et al. 
2017) in R. We then selected four increasingly limited sets of MS SNPs based on whether their 
squared estimated effect (u2) was more than 3, 4, 5 or 6 standard deviations above the mean u2. We 
also included in MS the three SNPs immediately flanking each side of the selected SNPs, and then 
generated the weighting diag(D) using the squared estimated effects of those SNPs; 2) POS. We 
used FeatNotator v1.1.2 (Podicheti and Mockaitis 2015) to annotate every genotyped SNP using E. 
grandis gene annotations downloaded from Phytozome v12 (Goodstein et al. 2012). We then 
selected all nonsense and missense SNPs from coding sequences as MS. Nonsense SNPs were given 
very large weighting of 200 in diag(D) compared to a weighting of 1 for missense SNPs; 3) CAND. 
We selected all SNPs located in any of 67 candidate genes known to be involved in terpene 
biosynthesis that were also identified as associated with oil traits in a recent GWAS from the same 
population (Chapter 3). Each SNP in MS was given the same weight in diag(D). We used the same 
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MS for all traits, including those such as HT that are not likely to benefit from their weighting, in 
order to assess the effect of CAND for traits in which it has been specifically curated or not. 
Cross validation 
We evaluated the predictive ability of P-BLUP, G-BLUP and BLUP|GA. For each trait, we 
performed 15 iterations of cross validation where in each iteration a training set was defined to 
contain 85% of individuals with both genotypes and phenotypes, and a validation set contained the 
remaining 15% of individuals with genotypes but masked phenotypes.  
To test the effect of relatedness between individuals in the training and validation sets on the 
accuracy of prediction we performed the cross validation for both a related (REL) and unrelated 
(UNREL) scenario. Validation sets in the REL scenario contained two random individuals from 
each of the 40 families. Validation sets in the UNREL scenario contained all individuals from 6 
randomly selected families, but excluded families 35, 36 and 37 which are from the seed orchard 
and show significant amounts of relatedness across other families. We performed the cross 
validation for each model in each of the 6 scenarios that combine the three SNP densities (10K, 
100K, 500K) and REL and UNREL. 
Accuracy of genomic selection is ideally measured as the correlation between genomic EBV and 
TBV (true breeding value) (Garrick et al. 2009). Since there is no deep pedigree in E. polybractea to 
provide reliable approximations of TBVs, we report predictive accuracy for each cross-validation 
iteration as the Pearson’s correlation between the predicted phenotype and the adjusted phenotype,  
𝑟(𝑦, ?̂?), of the individuals of the validation set (Daetwyler et al. 2013). 
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Results 
Pedigree kinship 
A clustered heatmap of a genomic relationship matrix (GRM) produced from 100K SNPs shows 
that the assumed pedigree of 40 half-sib families was mostly recovered from the genotype data (Fig 
1A). That is, hierarchical clustering of pairwise kinship distances recovered 25 out of the 40 half-sib 
families completely, and another 7 families had all but one of their members clustered together 
correctly. The heatmap also revealed possible pedigree errors from the field, with some families 
showing completely mixed genomic membership (Fig 1B). A number of assumed half-sibs were in 
fact unrelated and some half-sibs show full-sib relatedness (Fig 1C). 
Genomic prediction 
For each trait we tested 15 cross validation iterations in each of six scenarios that permuted 
validation set relatedness (REL, UNREL) and SNP density (10K, 100K, 500K). In each cross 
validation we tested the predictive ability of P-BLUP, G-BLUP and six versions of BLUP|GA that 
vary in the way trait architecture SNPs are selected and weighted. In the results presented here, 
predictive ability of a model is taken as the mean of the 15 cross-validations for that model in that 
scenario. 
G-BLUP was not the best predictive model in any scenario tested across all eleven traits (Table 1). 
PBLUP was surprisingly the best model for SESQ and ∆CA, albeit only narrowly, while it was very 
poor relative to the genomic models for all other traits. For a few scenarios the best genomic model 
was only very slightly better than G-BLUP (e.g for CIN/10K/REL the best model had only 0.003 
greater accuracy than G-BLUP), but in other scenarios the best model improved accuracy by up to 
0.149 over G-BLUP (∆CA/100k/UNREL) in absolute terms. 
Across every cross-validation iteration and scenario, the model that most often showed highest 
accuracy was CAND (Fig 2A), followed by POS. CAND and POS were most dominant for oil 
traits, while G-BLUP and the marker effects BLUP|GA approaches were more prevalent for LMA 
and HT (Fig 2B). CAND was particularly strong for conglomerate oil traits. In percentage terms, 
the CAND model was, on average, able to improve OC, MONO and SESQ accuracy over G-
BLUP by 48.7 %, 32.2 % and 28.1 % in unrelated validation sets. For related validations, CAND 
still performed well, with average improvement of 15.4 %, 15.3 % and 3.2 % respectively.  
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Fig 1 – Pairwise kinship analysis. A) Heatmap of pairwise relatedness values (2 x θIBD) between each of the 
468 individuals, clustered by Euclidean distance. Blue indicates less related, while red indicates most related. 
Each individual has a colour annotation on the left indicating its maternal family of origin according to the 
pedigree. Dendrogram clusters with one solid colour annotation indicate concordance between the GRM and 
the pedigree, while mixing or striping indicates discordance due to pedigree or lab error (see closeup in B). C) 
Distribution of pairwise relatedness for expected within-family pairs (orange) and between family pairs (blue). 
The variance around the expected means (dashed lines) reveals the effects of Mendelian sampling and 
inbreeding. 
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Table 1 – Mean predictive accuracy, 𝑟(𝑦, ?̂?), of each model, , for every trait in every scenario. The mean 
is calculated from 15 cross-validations. The highest accuracy for each trait in both related and unrelated 
scenarios is highlighted in grey-bold, and the percentage improvement for that model over G-BLUP is shown 
as ∆GBLUP. 
TRAIT VAL NSNP GBLUP PBLUP EFF3 EFF4 EFF5 EFF6 POS CAND ∆GBLUP 
OC REL 10K 0.366 0.284 0.376 0.373 0.370 0.368 0.402 0.385  
OC REL 100K 0.371 0.284 0.371 0.373 0.373 0.372 0.389 0.414  
OC REL 500K 0.369 0.284 0.371 0.371 0.371 0.373 0.379 0.426   15.4 % 
OC UNREL 10K 0.186 NA 0.210 0.214 0.214 0.197 0.267 0.224  
OC UNREL 100K 0.206 NA 0.213 0.211 0.212 0.210 0.263 0.277  
OC UNREL 500K 0.199 NA 0.217 0.218 0.218 0.226 0.236 0.296 48.7 % 
MONO REL 10K 0.396 0.286 0.401 0.401 0.406 0.402 0.430 0.414  
MONO REL 100K 0.407 0.286 0.407 0.407 0.407 0.407 0.424 0.441  
MONO REL 500K 0.405 0.286 0.407 0.407 0.406 0.407 0.419 0.467   15.3 % 
MONO UNREL 10K 0.251 NA 0.273 0.277 0.274 0.262 0.331 0.270  
MONO UNREL 100K 0.269 NA 0.270 0.271 0.274 0.275 0.324 0.320  
MONO UNREL 500K 0.264 NA 0.279 0.278 0.280 0.279 0.312 0.349 32.2 % 
SESQ REL 10K 0.623 0.652 0.628 0.626 0.624 0.623 0.635 0.625  
SESQ REL 100K 0.632 0.652 0.634 0.634 0.633 0.633 0.637 0.635  3.2 % 
SESQ REL 500K 0.630 0.652 0.632 0.632 0.632 0.631 0.646 0.637  
SESQ UNREL 10K 0.244 NA 0.258 0.265 0.268 0.272 0.300 0.307  
SESQ UNREL 100K 0.310 NA 0.344 0.353 0.354 0.360 0.317 0.397 28.1 % 
SESQ UNREL 500K 0.303 NA 0.321 0.321 0.321 0.323 0.356 0.378  
CIN REL 10K 0.726 0.416 0.728 0.728 0.728 0.729 0.730 0.730  
CIN REL 100K 0.731 0.416 0.744 0.746 0.748 0.748 0.733 0.741  
CIN REL 500K 0.731 0.416 0.739 0.743 0.746 0.749 0.732 0.759 3.8 % 
CIN UNREL 10K 0.663 NA 0.668 0.667 0.667 0.667 0.674 0.669  
CIN UNREL 100K 0.663 NA 0.675 0.677 0.676 0.676 0.671 0.669 2.1 % 
CIN UNREL 500K 0.662 NA 0.674 0.674 0.675 0.673 0.670 0.688  
PCIN REL 10K 0.802 0.522 0.809 0.808 0.807 0.808 0.803 0.803  
PCIN REL 100K 0.803 0.522 0.805 0.805 0.805 0.805 0.805 0.813 1.2 % 
PCIN REL 500K 0.804 0.522 0.808 0.808 0.808 0.809 0.808 0.811  
PCIN UNREL 10K 0.717 NA 0.728 0.730 0.730 0.726 0.721 0.728  
PCIN UNREL 100K 0.712 NA 0.713 0.714 0.713 0.713 0.714 0.728  
PCIN UNREL 500K 0.716 NA 0.722 0.724 0.723 0.723 0.722 0.731 2.1 % 
APIN REL 10K 0.568 0.354 0.568 0.568 0.568 0.568 0.588 0.570  
APIN REL 100K 0.576 0.354 0.577 0.580 0.579 0.578 0.587 0.591 2.6 % 
APIN REL 500K 0.574 0.354 0.582 0.586 0.589 0.591 0.587 0.590  
APIN UNREL 10K 0.537 NA 0.537 0.537 0.537 0.537 0.561 0.544  
APIN UNREL 100K 0.552 NA 0.555 0.558 0.560 0.557 0.558 0.567  
APIN UNREL 500K 0.550 NA 0.564 0.564 0.569 0.571 0.560 0.569 3.8 % 
LA REL 10K 0.629 0.472 0.630 0.630 0.629 0.630 0.634 0.638  
LA REL 100K 0.636 0.472 0.642 0.638 0.638 0.637 0.640 0.648 1.9 % 
LA REL 500K 0.639 0.472 0.644 0.644 0.644 0.644 0.640 0.647  
LA UNREL 10K 0.474 NA 0.491 0.484 0.487 0.477 0.510 0.504  
LA UNREL 100K 0.492 NA 0.505 0.502 0.502 0.502 0.498 0.512  
LA UNREL 500K 0.492 NA 0.502 0.503 0.503 0.504 0.493 0.515 4.7 % 
LMA REL 10K 0.378 0.344 0.379 0.386 0.390 0.385 0.381 0.382  
LMA REL 100K 0.396 0.344 0.412 0.411 0.411 0.410 0.426 0.416 7.5 % 
LMA REL 500K 0.392 0.344 0.399 0.399 0.397 0.397 0.394 0.399  
LMA UNREL 10K 0.222 NA 0.235 0.248 0.248 0.237 0.224 0.230  
LMA UNREL 100K 0.259 NA 0.278 0.281 0.277 0.284 0.267 0.284 9.7 % 
LMA UNREL 500K 0.253 NA 0.276 0.272 0.268 0.271 0.261 0.254  
HT REL 10K 0.104 0.019 0.127 0.137 0.148 0.160 0.169 0.143  
HT REL 100K 0.120 0.019 0.151 0.155 0.153 0.157 0.177 0.158 47.5 % 
HT REL 500K 0.118 0.019 0.167 0.173 0.167 0.163 0.139 0.161  
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HT UNREL 10K 0.093 NA 0.108 0.105 0.125 0.120 0.127 0.126  
HT UNREL 100K 0.117 NA 0.139 0.133 0.146 0.145 0.134 0.146 24.8 % 
HT UNREL 500K 0.120 NA 0.136 0.137 0.136 0.138 0.134 0.134  
dHT REL 10K 0.043 0.010 0.069 0.074 0.083 0.078 0.098 0.100  
dHT REL 100K 0.061 0.010 0.112 0.120 0.122 0.113 0.083 0.135 221 % 
dHT REL 500K 0.059 0.010 0.095 0.095 0.097 0.093 0.070 0.131  
dHT UNREL 10K 0.003 NA 0.018 0.042 0.038 0.029 0.055 0.112 >1000% 
dHT UNREL 100K 0.027 NA 0.052 0.060 0.059 0.062 0.031 0.087  
dHT UNREL 500K 0.029 NA 0.047 0.052 0.052 0.063 0.041 0.068  
dCA REL 10K 0.634 0.683 0.635 0.636 0.637 0.638 0.644 0.646  
dCA REL 100K 0.656 0.683 0.657 0.659 0.660 0.659 0.663 0.663  
dCA REL 500K 0.663 0.683 0.664 0.664 0.663 0.664 0.669 0.673 3.0 % 
dCA UNREL 10K 0.065 NA 0.080 0.128 0.136 0.154 0.186 0.207  
dCA UNREL 100K 0.088 NA 0.124 0.137 0.142 0.148 0.237 0.223 269 % 
dCA UNREL 500K 0.107 NA 0.178 0.182 0.200 0.202 0.192 0.228  
 
 
 
Fig 2 – Model with highest accuracy per cross-validation iteration. A) total number of cross-validation 
iterations where each model was most accurate. B) number of cross-validations per trait in which each model 
was most accurate. 
 
The performance of the six BLUP|GA approaches relative to G-BLUP varied greatly depending 
on the trait (Fig 3). Aggregated oil traits (OC, MONO, SESQ) clearly benefit from the CAND or 
POS models which weight SNPs according to prior biological knowledge rather than according to 
estimated marker effect sizes. The mean gain of CAND over G-BLUP was 0.054, 0.045 and 0.040 
for OC, MONO, and SESQ respectively, while the highest mean gain from any of marker effects 
models was 0.016 for SESQ with the EFF6 model. In several individual cross-validation iterations 
the CAND and POS models showed gains over G-BLUP larger than 0.20 for OC, MONO and 
SESQ.  
The approaches that select genetic architecture SNPs and weightings from estimated marker effects 
(EFF3, EFF4, EFF5, EFF6) generally had little effect for oil traits but their gain over G-BLUP 
improved with biomass and growth traits. Yet CAND, surprisingly, still seems to perform well for 
non-oil traits too, despite being specifically designed with candidate genes for oil traits. 
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CIN and PCIN were predicted with high accuracy by G-BLUP in most scenarios. For example, G-
BLUP 𝑎𝑐𝑐̅̅ ̅̅̅ = 0.721 for CIN in the related 100K scenario, and G-BLUP 𝑎𝑐𝑐̅̅ ̅̅̅ = 0.81 in the related 
500K scenario. Yet in certain scenarios, BLUP|GA approaches were still able to significantly 
improve on this (Table 1, Fig S1). 
 
 
Fig 3 – Boxplot of gain in accuracy over G-BLUP per trait. Each boxplot contains the accuracy of that 
BLUP|GA model relative to G-BLUP from every cross-validation in each relatedness and SNP density 
scenario (15 x 6 = 90 observations per boxplot). 
 
Overall, the greatest improvements of all BLUP|GA approaches over G-BLUP occurred for cross-
validations, traits and scenarios where G-BLUP accuracy was particularly low to start with (Fig 4). 
For those situations where G-BLUP accuracy was high, improvements by BLUP|GA were more 
incremental. 
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Fig 4 – Regression of accuracy of BLUP|GA vs G-BLUP. Data points show every cross-validation 
iteration under each scenario. Points are coloured by trait, while triangles show unrelated validation and 
circles show related validation iterations. The dotted line is the line of best fit. 
 
Effect of relatedness and SNP density 
Gain over G-BLUP was often greater in the unrelated scenario than the related scenario as the G-
BLUP baseline accuracy was almost always considerably lower in the unrelated validation scenarios. 
The effect of relatedness was most evident for ∆CA which showed huge gains over G-BLUP in the 
unrelated scenario but only very minor gains in the related scenario where G-BLUP performed 
strongly. Relatedness also clearly affected the prediction of composite oil traits OC, MONO and 
SESQ, in which all six of the BLUP|GA models made greater gains over G-BLUP in the unrelated 
scenarios than in the related scenarios. 
SNP density was increased 50-fold from 10K to 500K, and this had a major impact on how many 
SNPs were available for the construction of both the standard GRM (G) and the genetic 
architecture GRM (S). Summarised across all traits, models and scenarios, the mean predictive 
accuracy increased by 0.015 as SNP density increased from 10K to 100K, but only increased by a 
further 0.0003 as SNP density increased from 100K to 500K. As evident from Fig 5B, increasing 
SNP density from 10K to 100K had a positive effect for most traits but increasing from 100K to 
500K usually had little effect or even negative effect on accuracy. Furthermore, prediction in 
unrelated validation benefited considerably more from higher SNP density than prediction in 
related validation (Fig 5A). 
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Fig 5 – Effect of increasing SNP density on accuracy. Points show the mean accuracy at 100K and 500K 
SNP densities relative to the mean accuracy at 10K A) by validation set relatedness. B) by trait. C) by model.  
 
Every model tested showed greater accuracy as SNP density increased from 10K to 100K. G-BLUP 
accuracy was slightly reduced once SNP density increased to 500K, while most of the BLUP|GA 
models were able to improve their accuracy further with the extra SNPs (Fig 5C). 
Under the 10K scenario only 23 SNPs were available in the candidate genes, which resulted in low 
performance of the CAND model for most traits, regardless of the relatedness scenario. Fig 6 
shows that as the SNP density increased and more candidate gene SNPs became available (up to 
1165 SNPs at 500K) this provided CAND with greater predictive power. The reverse was true for 
the POS model. 
 
Fig 6 – Gain in accuracy of BLUP|GA compared to G-BLUP for OC only. Each plot shows the 
performance of the BLUP|GA models relative to G-BLUP under varying SNP density and cross-validation 
relatedness scenarios. 
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Discussion 
The accuracy of genomic selection for essential oil traits has not been assessed to date. Here we 
find high predictive accuracy for several traits important to growers. In particular, accuracy of over 
0.75 and 0.81 respectively for 1,8-cineole concentration (CIN) and 1,8-cineole proportion (PCIN) 
shows that genomic selection can be used to greatly improve undomesticated oil crops rapidly. 
In this study we tested three approaches of phenotypic prediction for essential oil and tree biomass 
traits in a population of E. polybractea grown for foliar oil yield. Firstly, we evaluated the predictive 
ability of traditional P-BLUP (pedigree BLUP), noting that such pedigree-based models are often 
subject to pedigree errors in tree breeding populations that reduces accuracy. Secondly we evaluated 
G-BLUP (genomic BLUP), which replaces pedigree information with relationships estimated from 
genome-wide markers, thus potentially eliminating errors in P-BLUP. G-BLUP is an important 
approach in forest tree breeding (Zapata-Valenzuela et al. 2013) and is a useful benchmark for 
testing predictive accuracy of multiple genomic selection models (Daetwyler et al. 2013) since it 
treats every SNP equally and very often performs as well as more computationally demanding SNP 
selection models such as BayesB or BayesC. Finally we evaluated BLUP|GA (genomic BLUP given 
genetic architecture) which seeks to improve on G-BLUP by selecting SNPs that are more likely to 
explain the variation in the trait and giving them a higher weighting than background SNPs during 
the construction of the G matrix (Zhang et al. 2014).  
P-BLUP 
Some major pedigree discordances were exposed by the genotyping. It can be hard to determine if 
they are errors in the pedigree, or sample mishandling during the genotyping stage. However, 
certain families showed 50% mixing with other families. Considering that families were each 
planted in double row plots, it is easy to imagine that occasionally one of the two rows was planted 
with the incorrect seedlings for that family plot. The low performance of P-BLUP for most traits 
relative to G-BLUP (sup Fig S2) is indicative of these pedigree errors that are common in tree 
breeding (Isik 2014), plus the inability of P-BLUP to capture the cross-family relatedness that 
clearly exists (Fig 1). Munoz et al. (2014), in a breeding population of Pinus taeda, found a very 
similar pattern of pedigree error where a portion of unrelated individuals were classified incorrectly 
as half-sibs. Likewise,  Doerksen and Herbinger (2010) found ~10% error rate in a pedigree of 
open-pollinated half-sib red spruce families.  
It must be noted that P-BLUP did have the best performance for crown area growth (∆CA) and 
sesquiterpene concentration (SESQ) in related cross validation. However, another shortcoming of 
P-BLUP is the inability to predict performance in un-phenotyped individuals when information is 
unavailable from related individuals (i.e. the UNREL scenarios in this study).  
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G-BLUP 
We found that G-BLUP offered clear improvement over P-BLUP for most traits, as expected. 
Furthermore, for all traits G-BLUP achieved a level of mean accuracy greater than zero in the 
unrelated validation scenarios, implying that it is exploiting the background relationship 
information from many nominally unrelated individuals to capture significant amounts of genetic 
covariance information. It also reflects the fact that some unrelated validation sets, in reality, 
unwittingly contained individuals with half-sib relatives in the training set due to the pedigree 
errors. To avoid this issue it would be wiser to select the individuals for unrelated validation based 
on genetic distance from the training set, perhaps using the k-means clustering approach of Saatchi 
et al. (2011), rather than selecting them based on the pedigree. 
G-BLUP accuracy, when summarised across all traits, increased significantly when SNP density 
increased from 10K to 100K, but declined slightly when SNP density was further increased to 
500K (Fig 5). In theory increased marker density should improve GS accuracy (Meuwissen and 
Goddard 2010; Druet et al. 2014), especially in populations with low LD (Goddard et al. 2016), yet 
the decline in accuracy of G-BLUP from 100K to 500K is not surprising. G-BLUP is not designed 
to take advantage of higher SNP densities since it does not estimate SNP effects and is therefore 
not affected by whether or not QTL that explain genetic variance are in strong LD with markers 
(Daetwyler et al. 2010; Meuwissen and Goddard 2010). Rather in G-BLUP SNPs are used to infer 
genetic covariance between individuals. Based on MAF distribution (supp Fig S1), it is clear that the 
higher SNP density sets (100K and 500K) include increasing proportions of lower MAF SNPs. 
These rarer alleles are less likely to segregate equally in both the training and validation populations 
plus are more likely to contain genotyping errors, so their signal may provide spurious covariance 
information. This is a drawback of using high density SNP data with G-BLUP, particularly when 
obtained with low coverage WGS (whole genome sequencing). Overall, more WGS SNPs introduce 
more information to G-BLUP, but at some point the benefit appears to be offset by extra noise 
(Pérez-Enciso et al. 2015). Heidaritabar et al. (2016), for example, found that G-BLUP accuracy 
increased by only 1% when using millions of WGS SNPs as opposed to a 60K SNP chip. In low 
LD populations, such as the one in our study, MacLeod et al. (2014) showed that WGS data had 
significant advantage over lower SNP density when a SNP selection model such as BayesR was 
used, but not when G-BLUP was used. The upshot of this is that to make use of the useful 
information contained within a high density SNP dataset, a model that treats SNPs differently 
based on their role in the genetic architecture of the trait may be beneficial. 
BLUP|GA 
The goal of the BLUP|GA evaluation was two-fold. First, we wished to determine whether the use 
of genetic architecture priors could improve the accuracy of G-BLUP compared to standard G-
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BLUP for oil traits in an outcrossing tree population. In particular, would such a model make better 
use of high density WGS data than G-BLUP? Second, is it more informative to select and weight 
SNPs based on information inferred automatically from the data (i.e. marker effects), or based on a-
priori biological knowledge of the trait’s genetic architecture itself (i.e. candidate genes)? 
Our results suggest that using G-BLUP with SNPs selected and weighted for their role in genetic 
architecture improves the accuracy of G-BLUP significantly for oil yield traits in E. polybractea. All 
six forms of SNP selection achieved higher accuracy than G-BLUP for proportions of the cross-
validations. G-BLUP was rarely the best model in any given cross-validation iteration (Fig 2), and 
the highest mean accuracy achieved per trait was usually with a BLUP|GA model (Table 1). This 
supports the results from the original method evaluation by Zhang et al. (2015) where BLUP|GA 
outperformed G-BLUP in six out of seven traits from the Resende MFR et al. (2012) outbred Pinus 
taeda dataset. It is telling that BLUP|GA improved on G-BLUP for the Pinus taeda traits, whereas 
previous testing of seven Bayesian SNP selection models for the DBH and height traits in the same 
pine dataset showed almost no improvement over G-BLUP (Daetwyler et al. 2013). Indeed, 
Resende MFR et al. (2012) originally found very little difference in accuracy between several 
Bayesian models and RR-BLUP (which is mathematically equivalent to G-BLUP). Furthermore, 
Resende MFR et al. (2012) found that accuracy could be improved for certain traits by applying a 
SNP selection stage to the RR-BLUP model. 
SNP selection approaches 
From the outset, Meuwissen et al. (2001) recognised that shrinkage and/or selection is necessary to 
accurately model the additive genetic effects of large numbers of genome-wide SNPs, since most 
SNPs are redundant and cause over-parameterization of the model. The major challenge is to select 
those SNPs with actual effect and limit the impact of background SNPs. Pérez-Enciso et al. (2015) 
demonstrated through simulation that if one were able to select only the SNPs that are true QTNs 
then predictive accuracy was greater than 95%, while selecting every SNP from every causal gene 
still improved accuracy by 40% over using every WGS SNPs. It is clear that the closer the SNP 
selection is to the truth, the better the accuracy of the model. 
The original method for BLUP|GA built the S matrix from SNPs selected by ranking of their 
estimated effects (Zhang et al. 2014; Zhang et al. 2015), and there have been several variations on 
the theme since (Su et al. 2014; Tiezzi and Maltecca 2015). We emulated the original method here 
with the four EFF models, but note that conceptually this is limited by the accuracy of the SNP 
effect estimation method itself. As SNP density increases, and for traits with many small effect 
QTLs, Bayesian LASSO or ridge regression models may not provide accurate priors for SNP 
selection and weighting. Tiezzi and Maltecca (2015) also noted that the process of estimating SNP 
effects in order to weight the GRM can be computationally demanding and provides low predictive 
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stability over generations as LD between SNPs and QTLs breaks down. They suggested that future 
studies instead select SNPs based on biological information such as gene networks and functional 
annotation. We applied this concept for the POS and CAND models, where the POS model is a 
very broadly informed SNP selection approach, and the CAND model is a finely curated approach. 
The accuracy of the CAND model for oil traits should, in theory, reflect whether the assumptions 
made during SNP selection are valid or not. 
The CAND model was clearly the best model for oil traits once SNP density increased to 100K or 
500K. The increase over G-BLUP for traits such as OC and MONO was over 15% in related 
validation and up to 49% for OC in unrelated validation, indicating that the manual priors used for 
SNP selection are indeed informative. At 10K density, however, only 23 SNPs were available to the 
CAND model, which was apparently too few to adequately capture the genetic variance in the 
candidate gene set. The EFF models, on the other hand, rarely showed improvement over G-BLUP 
for oil traits, reflecting the uninformative nature of automatic priors for these traits (at least when 
estimated with Bayesian LASSO). Figure 7 shows the dominance of CAND at high SNP density for 
OC and MONO in particular, but also reveals a surprisingly high gain in accuracy for growth traits 
HT and ∆HT. This is unexpected since CAND was not designed with growth traits in mind, so 
presents the question: is the benefit of the CAND model for oil traits due to accurate biological 
priors or due to statistical vagaries? To investigate, we constructed the S matrix from an equal 
number of SNPs selected from random genes and ran this model with the 100K related scenario. 
This random genes model was extremely poor for both OC and HT (Fig 8), so it seems that the 
CAND model was indeed capturing some amount of additive genetic variance for HT from genes 
involved in terpenoid biosynthesis, storage and transport, albeit to a lesser extent than for OC.  
We expected CAND to work well for OC, MONO and CIN because a GWAS in the same 
population showed significantly greater average SNP effect in the candidate genes than in all genes 
(Chapter 4, Table 2). Biologically, these genes are known to affect the production of terpenoids, 
which is a very large and diverse group of secondary metabolites. However, many terpenoid 
derivatives are directly involved in primary metabolic processes (chlorophylls, carotenes), and 
growth and development (abscisic acid, gibberellic acid, strigolactones) (Vranova et al. 2013; 
Banerjee and Sharkey 2014; Davies et al. 2015). The genes in the CAND set are therefore likely to 
have some effect on growth traits, which could explain the gain in accuracy for HT and ∆HT. This 
may have positive implications for improving genomic selection in plantations grown for wood and 
biomass. In future it would be worth creating a CAND set curated specifically for growth traits to 
see if accuracy can be improved further. 
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Fig 7 – Effect of the ω parameter on the mean gain in accuracy over G-BLUP for oil and growth 
traits. X axis shows each tested value ofin ω from 0 to 1 in the construction of the T matrix (see methods). 
Each point is the mean gain from all cross-validations for that model at a specific value of ω. Vertical bars 
show standard error of the mean. 
 
 
 
Fig 8 – Performance of BLUP|GA with candidate genes and random genes. Plots show the mean gain 
in accuracy over G-BLUP for OC and HT as ω is shifted from 0 to 1. Results are for the CAND model (red) 
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versus a randomized model (blue) where SNPs were selected from random genes rather than curated genes. 
Vertical bars show standard error of the mean. 
Conclusion 
We used P-BLUP, G-BLUP and a BLUP|GA to predict foliar oil concentration and growth traits 
in related and unrelated cross validation sets. We found that G-BLUP was superior to P-BLUP for 
most traits, as expected, since it is able to correct the pedigree errors that were present. However, 
G-BLUP accuracy plateaued with 120,000 genome-wide SNPs and dipped slightly when over 
500,000 SNPs were used. G-BLUP accuracy also dropped considerably when the validation set was 
unrelated to the training set. BLUP|GA was more accurate than G-BLUP for all traits, was able to 
increase accuracy with higher SNP density, and was better able to maintain accuracy in unrelated 
validation. In particular the CAND model for BLUP|GA, which selects SNPs for weighting based 
on their presence in pre-defined candidate genes, was clearly the best model tested in traits for 
which it was originally curated. With large SNP numbers, which is increasingly common, marker 
effect estimation methods may struggle to capture the genetic variance from multitudes of small 
effect loci. Using informed biological priors can therefore assist in the SNP selection process, 
particularly for highly polygenic traits. 
The results confirm that accounting for trait-specific genetic architecture is beneficial for genomic 
selection model accuracy within the G-BLUP framework. As G-BLUP is commonly used in forest 
tree and crop breeding, and BLUP|GA adds little computational overhead, it would be worthwhile 
evaluating BLUP|GA with SNPs selected from candidate genes for future genomic selection 
studies. 
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Supplementary Materials 
 
     
     
     
Fig S1 – Minor Allele Frequency (MAF) distributions for SNP densities and for SNPs selected under 
various BLUP|GA models. The SNPs selected for the EFF3 and EFF6 plots are from Bayesian LASSO with 
the trait OC in one cross-validation. 
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Fig S2 – Mean accuracy of each model (from 15 cross-validations) in all 6 scenarios for each trait 
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Fig S3 – Gain over G-BLUP of each cross-validation run in all 6 scenarios. 
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Table S1 – Best model for each trait. The accuracy for each model in each scenario is calculated as the 
mean predictive ability 𝑟(𝑦, ?̂?) from 15 cross validation runs. The highest mean accuracy for each trait is 
indicated in bold and the greatest mean gain in accuracy over G-BLUP (∆GBLUP) is indicated by *. 
   REL  UNREL 
Trait #SNPs h
2
(M) model 𝒓(𝒚, ?̂?)̅̅ ̅̅ ̅̅ ̅̅ ̅ ∆GBLUP  model 𝒓(𝒚, ?̂?)̅̅ ̅̅ ̅̅ ̅̅ ̅ ∆GBLUP 
OC 10k 0.42 POS 0.402 0.036  POS 0.267 0.082 
OC 100k 0.40 CAND 0.414 0.042  CAND 0.277 0.071 
OC 500k 0.39 CAND 0.426 0.057*  CAND 0.296 0.097* 
MONO 10k 0.42 POS 0.430 0.034  POS 0.331 0.079 
MONO 100k 0.40 CAND 0.441 0.035  POS 0.324 0.055 
MONO 500k 0.39 CAND 0.467 0.061*  CAND 0.349 0.085* 
SESQ 10k 0.97 PBLUP 0.652 0.029*  CAND 0.307 0.063 
SESQ 100k 0.99 PBLUP 0.652 0.020  CAND 0.397 0.087* 
SESQ 500k 1 PBLUP 0.652 0.023  CAND 0.378 0.075 
CIN 10k 0.70 CAND 0.730 0.003  POS 0.674 0.011 
CIN 100k 0.65 EFF6 0.748 0.017  EFF4 0.677 0.014 
CIN 500k 0.65 CAND 0.759 0.028*  CAND 0.688 0.027* 
PCIN 10k 1 EFF3 0.809 0.007  EFF4 0.730 0.013 
PCIN 100k 1 CAND 0.813 0.010*  CAND 0.728 0.016 
PCIN 500k 1 CAND 0.811 0.006  CAND 0.731 0.016* 
APIN 10k 0.60 POS 0.588 0.020*  POS 0.561 0.024* 
APIN 100k 0.57 CAND 0.591 0.015  CAND 0.567 0.015 
APIN 500k 0.57 EFF6 0.591 0.016  EFF6 0.571 0.021 
LA 10k 0.74 CAND 0.638 0.009  POS 0.510 0.036* 
LA 100k 0.74 CAND 0.648 0.013*  CAND 0.512 0.019 
LA 500k 0.75 CAND 0.647 0.008  CAND 0.515 0.023 
LMA 10k 0.45 EFF5 0.390 0.013  EFF5 0.248 0.026 
LMA 100k 0.51 POS 0.426 0.029*  CAND 0.284 0.025 
LMA 500k 0.50 EFF3 0.399 0.008  EFF3 0.276 0.022 
HT 10k 0.11 POS 0.169 0.065*  POS 0.127 0.033* 
HT 100k 0.12 POS 0.177 0.057  EFF5 0.146 0.029 
HT 500k 0.13 EFF4 0.173 0.056  EFF6 0.138 0.019 
∆HT 10k 0.07 CAND 0.100 0.057  CAND 0.112 0.109* 
∆HT 100k 0.08 CAND 0.135 0.074*  CAND 0.087 0.060 
∆HT 500k 0.08 CAND 0.131 0.072  CAND 0.068 0.039 
∆CA 10k 0.80 PBLUP 0.683 0.049*  CAND 0.207 0.142 
∆CA 100k 0.83 PBLUP 0.683 0.028  POS 0.237 0.149* 
∆CA 500k 0.85 PBLUP 0.683 0.021  CAND 0.228 0.122 
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Most essential oil crops are niche industries with relatively small global demand and production. 
However, with over 40,000 terpenoids being synthesised naturally by plants, there is enormous 
chemical diversity available for use in pharmaceuticals, cosmetics, flavourings, solvents, industrial 
chemicals, biofuels and new materials development (Wang et al. 2005; Bohlmann and Keeling 2008; 
Golets et al. 2015; Wang et al. 2015). Consequently there is increasing interest in the industrial and 
commercial value of specific terpenoids and their derivatives, including several mono- and 
sesquiterpenes commonly found in foliar essential oils within the Myrtaceae family.  
Vickers et al. (2014) identifies four approaches for obtaining industrially useful amounts of a given  
terpene: 1) extract from natural sources; 2) synthesize with synthetic chemistry; 3) breed or engineer 
the terpene production in the target organism (e.g. GMO); 4) engineer overproduction of the 
terpene in a model organism. In this section I elaborate on the impacts of the findings in this thesis 
on option 1, i.e. our ability to produce larger terpene yields from undomesticated natural sources. I 
also explain how the findings from the genomic analyses can also inform options 3 and 4. Next I 
discuss the phenotyping, genotyping, GWAS and genomic selection methods used and ways that 
future studies could improve upon them. Finally, I look at the value of this population whole 
genome sequencing dataset, the first of its kind in Eucalyptus. 
While the focus herein is on increasing terpene yields, the value of cultivated mallees, such as E. 
polybractea, goes beyond the oil in their leaves. In Western Australia mallees have been planted in 
alleys on agricultural land to combat dryland salinity problems due to the rising water table (Barton 
1999). Their rapidly accumulating biomass makes them an excellent candidate for biomass-based 
fuel production, providing diversified income for farmers (Wu et al. 2008). Their presence improves 
the biodiversity in an otherwise monoculture landscape (Bell et al. 2001). When coupled with high 
yielding terpene production, such integrated agronomic systems give a glimpse into a potentially 
sustainable future, both ecologically and economically. It is one of the strongest arguments for 
focusing on option 1 above: extraction of terpenes from natural resources. 
Increasing the production of terpenes in plant systems 
Exploiting phenotypic variation 
For those valuable terpenes that are found in abundance naturally, production from dedicated 
plantations is feasible, but often sub-optimal (Milthorpe et al. 1998). This is because oil-producing 
species, such as E. polybractea, are typically undomesticated. There is great scope for significant gains 
in yield through breeding. The analysis of phenotypic variation in Chapter 2 strongly supports this, 
showing wide natural variation in foliar oil concentration, terpene profile, growth rates and leaf 
morphology. Importantly, actual oil yield per tree may be predicted with considerable accuracy in a 
non-destructive manner. For breeders, the ability to directly select on oil yield performance, rather 
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than an index of multiple component traits, could provide greater gains. Of course, for the 
production of specific terpenes, the proportion of those terpenes in the oil must also be considered. 
For the time being, the non-destructive oil yield prediction requires further work, in particular to 
improve the estimation of total leafy biomass per tree. Potential improvements are discussed later 
(improvements to methods). 
Exploring the genetic architecture of oil traits 
Terpene production can be improved by advanced molecular breeding and genetic engineering 
approaches, both of which require an understanding of the genetic architecture of the trait. To date 
a vast effort has been made to understand the genetic basis of terpene biosynthesis by focusing 
attention on the genes, expression and regulation of the MEP and MVA pathways (Keszei et al. 
2008; Vranova et al. 2013; Banerjee and Sharkey 2014). The results of the Chapter 3 GWAS suggest 
that foliar oil concentration involves many genes beyond those of the MEP and MVA pathways, 
with many genes of small effect, but a few associations are worth a deeper look. For example, I 
localised the synthesis of major terpenes 1,8-cineole and α-pinene to a cluster of seven terpene 
synthase genes on chromosome 1 of E. grandis. By identifying which genes produce which terpenes 
from immediate prenyl-diphosphate precursors, trees can be selected or engineered based on copy 
number of those genes, or based on the presence of superior allelic variants. Another key GWAS 
result is the highly significant effect of the PEP translocator gene (ppt2) on sesquiterpene 
concentration and mono:sesquiterpene ratio. Though PPT2 is already known to have an effect on 
the availability of pyruvate for both the MVA and MEP pathways (Streatfield et al. 1999; Linka and 
Weber 2010; Vickers et al. 2014), there has been little investigation into allelic variation in ppt2 and 
how it affects terpene biosynthesis. Increased or decreased ppt2 expression may adjust the routing 
of pyruvate between MEP and MVA, so this is certainly a gene that warrants further investigation. 
To build upon these findings, the GWAS also explores the genome-wide basis of foliar oil storage 
rather than simply oil production. I putatively identified several candidate genes involved in the 
formation of secretory oil cavities. In E. polybractea, cavity volume is a direct indicator of oil 
concentration (Goodger and Woodrow 2012) and this is the first time the genetics of cavity 
formation has been investigated in Myrtaceae, even if indirectly. A GWAS of cavity number and 
cavity dimensions would be a useful follow up in the same population. If total cavity volume can be 
fine-tuned it may remove a major rate-limit for foliar oil accumulation, though we cannot ignore the 
photosynthetic cost of replacing mesophyll with extra cavity space (Goodger and Woodrow 2012). 
It is unlikely that a GWAS alone can fully account for the genetic variation of highly quantitative 
traits. Certain QTLs may be differentially expressed in leaves, for example, yet present no 
detectable allelic variation within the population. Tools such as RNA-Seq could provide a further 
line of evidence to detect other loci associated with the trait. Finally, epigenetic effects such as 
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DNA methylation patterns can cause differential gene expression, resulting in phenotypic variation 
that cannot be accounted for through GWAS. 
Validation of GWAS candidate genes 
Though the results from the GWAS provide new insights into the genetic architecture of oil 
concentration, the candidate genes identified here need to be validated before they can be used in 
metabolic engineering efforts. Many GWAS studies validate the effects of significant candidate loci 
in a separate validation population, but limited statistical power coupled with inconsistent 
population structure in the validation population often makes validation inconclusive and may 
result in true positive candidates being discarded. 
The cluster of terpene synthases on chromosome 1 is already being functionally validated (in 
collaboration with Dr Sandra Krause and Dr Joerg Degenhardt, Martin Luther University Halle) 
through heterologous expression in E. coli, in order to understand which ones are most efficient for 
the production of 1,8-cineole or α-pinene. To examine the ppt2 candidate in more detail we would 
need to look at whether allelic variation is affecting ppt2 gene expression (and therefore the 
abundance of the translocator itself), or whether non-synonymous SNPs are affecting the efficiency 
of the translocator. This could be evaluated by measuring PPT2 protein abundance and gene 
expression. Perhaps the physiological impact of the cavity formation candidate genes can be 
assessed with CRISPR/Cas9 techniques in the near future (Schiml and Puchta 2016). 
Genomic selection 
I show in Chapter 4 that the use of genomic BLUP results in much improved predictive accuracy in 
un-phenotyped individuals compared to P-BLUP. Prediction accuracy for 1,8-cineole proportion 
and 1,8-cineole concentration was as high as 0.80 and 0.73, respectively with G-BLUP, indicating 
that highly accurate selection can be made for terpenes given genomic information. I also show that 
by using a-priori information about the genetic architecture of the trait, such as candidate genes 
from the GWAS, accuracy can be improved considerably over G-BLUP, which will result in even 
greater gains per unit time for breeders. 
The commercial use of genomic selection for oil traits requires a cost-benefit analysis, as has been 
done for wood traits in Eucalyptus (Resende et al. 2012). Genomic selection models typically lose 
accuracy over generations as recombination breaks down the informative LD from the original 
model, so the cost of re-training must also be considered. Whether the value from increased oil 
yield gain would offset the cost of genotyping remains to be seen, but with ever-reducing 
sequencing costs and large potential markets for terpenes, genomic selection may be desirable in the 
short term. 
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Terpenes as a replacement for fossil fuels 
In recent years there has been significant research into the use of terpenes as a renewable 
hydrocarbon replacement for fossil fuels and their derivatives (Beller et al. 2015). Certain non-
oxygenated monoterpenes (e.g. α-pinene, β-pinene, limonene), and sesquiterpenes (farnesene, 
bisabolene) can be converted to high energy fuels. The monoterpene-based fuel exhibits energy 
density in the same class as JP-10 and RJ-5 jet and rocket fuels, which cannot be achieved with 
biofuel from lignin or cellulose feedstocks (Harvey et al. 2010; Meylemans et al. 2012, and see 
Appendix A). Furthermore, jet fuels are required to have a minimum of 8% aromatic content and 
the monoterpene p-cymene has been identified as suitable for blending purposes to help synthetic 
fuels to meet this requirement (Rawson et al. 2015). These markets have the potential to shift the 
production of terpenes from niche to commodity (Leita et al. 2010), if enough can be produced to 
make the end-products economically competitive with fossil fuels. 
To produce industrial scales of these fuel terpenes, components of the MEP and MVA pathways 
are being engineered in microbial systems, but face challenges of low yields, auto-toxicity and the 
expense of supplying precursors. Therefore plant-based photosynthetic production is also being 
explored (Wang et al. 2015; Mewalal et al. 2017). Agronomic systems are already in place for the 
growth and harvest of pharmaceutical eucalyptus oil, so high yielding species such as E. polybractea 
provide an excellent starting point for fuel production, if individuals can be selected that produce 
high yields of the right oil profile (i.e. low 1,8-cineole, high fuel terpenes). 
Within the population in this study I found several individuals with high oil concentration and low 
proportion of 1,8-cineole. Most of the oil in these individuals was comprised of pinenes, p-cymene 
and sesquiterpenes, making them somewhat suitable for the fuel role. Given that I assayed only 480 
trees out of a plantation of over 60,000, it stands to reason that there should be considerable 
breeding stock available for the development of dedicated mallee jet-fuel plantations. Rapid assay of 
thousands of plantation trees using drone-borne NIR could accelerate the search for superior 
individuals since NIR has been shown to be an accurate predictor of 1,8-cineole content in 
eucalypts (Gibson et al. 1991; Wilson et al. 2001). Furthermore, knockout or CRISPR/Cas9 editing 
of cineole synthases identified in the GWAS could result in greater throughput of prenyl-
diphosphate precursors to fuel terpene synthases rather than to cineole synthases. 
Improvements to methods 
Phenotyping 
The overall yield of oil per tree was fairly well predicted on a family mean level, but was too 
difficult to predict accurately in individual trees due to a poor method for estimating leafy biomass. 
A simple improvement to the methods I used would be to count the number of stems per tree and 
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measure their diameters with calipers as this can give a better indication of ‘bushiness’ of mallees. 
Drone imaging may produce accurate empirical measurements of each tree’s crown volume and 
leafiness density (Watanabe et al. 2017), which would be a vast improvement on the subjective 
rating of leafiness used here. Given a more accurate estimate of crown dimensions and leaf 
biomass, predictions of oil yield may become accurate enough to use for direct selection. 
Sequence alignment to E. grandis 
One of the biggest problems with the genotyping method was the initial alignment of the cleaned 
E. polybractea reads to the E. grandis reference sequence. These two species are approximately 21 
million years diverged, and the extent of differentiation was clear from the high mismatch rate per 
read. Though I “updated” the reference genome with SNPs that were fixed in E. polybractea prior to 
alignment, this could only do so much. Critically, the alignment within large conserved gene 
families such as the terpene synthases was particularly poor, leaving me with no SNPs in many of 
these important genes. Though it would be difficult to develop an E. polybractea reference genome 
from the highly heterozygous short reads obtained in this study, the reads from the inbred Family 
37 might work for a reference-guided assembly. Certainly some long reads generated with PacBio 
sequencing would help. 
GWAS 
The most limiting factor in the GWAS was the lack of power due to sequencing less than 500 
individuals. Of course this was a budgetary constraint as we elected to use whole-genome 
sequencing rather than reduced representation methods such as GBS. Unfortunately, a population 
of around 500 does not give enough statistical power to clearly detect QTLs of small effect size or 
rare QTLs that may have a larger effect size. Given the rapid drop in sequencing cost, it would now 
be possible to sequence several times this number for the same budget. 
The low depth per sample was another limiting factor due to budget. The library preparation 
procedure was sub-optimal, in that DNA fragments were shorter than desired, so perhaps 1-2X 
depth per sample was sacrificed due to redundant sequencing of overlapping read pairs. The extra 
depth would have increased the fidelity of the genotyping stage and possibly increased the power of 
association with the 480 genotyped trees.  
Genomic selection 
The BLUP|GA method proved to be impressive when weighted SNPs were selected from a 
curated candidate gene set (the CAND model). Another BLUP|GA method, where SNPs were 
generically selected based on their ability to cause a missense or nonsense mutation in a coding 
sequence (the POS model), was surprisingly accurate in many traits. A combination of the CAND 
and POS models, where missense and nonsense SNPs within candidate genes are given extra 
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weighting in the S matrix diagonal, might prove to be more powerful with little extra computational 
overhead. 
Partitioned models 
The partitioning study (Chapter 5) was actually the first study performed as part of my thesis. 
Initially it was difficult to see how this might tie in with the rest of the thesis since it was such a 
tangent. However, over time it became clear that the methods being explored in genomic selection 
to deal with ever growing genomic datasets were very similar to those being developed in the world 
of phylogenetics, though often with differing terminology. The phylogenetics study helped me to 
understand that for large datasets one model often does not fit all equally well, which led to the 
successful use of the BLUP|GA model (which is essentially a partitioned model.) in Chapter 4. The 
effects of partitioning in phylogenetics can be quantified through tree topology distance and branch 
lengths. In genomic selection it is simply a change in predictive accuracy. Both fields can probably 
learn from each other going forward. 
The E. polybractea WGS dataset 
Over 1.5 terabases of sequence data was generated for this study. Much of the information 
contained in the dataset is so far unused. For genotyping I only made use of biallelic SNPs. The low 
depth sequencing made INDEL calling too error prone, which is unfortunate since INDELs often 
provide a powerful signal of association for many traits (Rafalski 2002; Ingvarsson and Street 2011; 
Mills et al. 2011). If a reference genome were to be developed, INDEL calling might be possible. 
Structural variation and copy number variation has not been explored, both within and between 
species. A cursory glance of read alignments within MEP pathway genes such as gpps reveals some 
large deletions relative to E. grandis, some of which may explain the higher natural oil production of 
E. polybractea. A wealth of information remains to be explored within this dataset. 
Overall, the whole genome sequencing dataset from this study provides a great resource for the 
study of Eucalyptus genomics and the genetic architecture of myriad traits. Of the 480 trees, 
approximately 470 are still alive and can be phenotyped further (with permission from GR Davis 
Ltd). This is the first large scale genome-wide study of the genetic architecture of essential oil traits, 
and it has only scratched the surface so far. 
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